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Der in dieser Arbeit verwendete Modelorganismus Physcomitrium patens, früher Physcomitrella 
patens (zu Deutsch Kleines Blasenmützenmoos), ist ein Laubmoos (Bryopsida) der Familie Funariaceae. 
Aufgrund einer sehr effizienten homologen Rekombination wurden Wissenschaftler bereits früh auf 
das Moos aufmerksam. P. patens war die erste Pflanze, außerhalb der Samenpflanzen, deren Genom 
vollständig sequenziert wurde (V1). Durch kontinuierliches Voranbringen und Verbessern der 
Genomassemblierung konnte diese in eine pseudo-chromosomale Struktur gegliedert werden (V3). 
Diese V3-Genomversion ist die Basis aller in dieser Arbeit durchgeführt Analysen. 
Mit was für einer Genantwort reagieren Organismen infolge eines induzierten Stresses? Diese und 
weitere Fragen versucht das U.S. Department of Energy Joint Genome Institute (DOE JGI) im Rahmen 
des Gene Atlas Projekts1 zu beantworten. In dessen Folge hunderte RNA-seq-Experimente 
durchgeführt wurden. Diese P. patens JGI Gene Atlas Daten sowie duzende weiterer RNA-seq-
Experimente, unterschiedlichster Projekte, durfte ich in meiner Zeit als Doktorand analysieren. Die 
gleichbleibend hohe Qualität und Effizienz der Datenanalyse konnte mittels einer neu entwickelten 
RNA-seq-Pipeline gewährleistet werden, welche unter anderem zuverlässig differenziell exprimierte 
Gene (DEG) detektiert. Die Leistungsfähigkeit der RNA-seq-Pipeline wurde in unterschiedlichsten 
Projekten getestet und konnte sich auch gegen kommerzielle Software behaupten. 
Die auf Basis meiner RNA-seq-Pipeline berechneten Expressionswerte wurden zusammen mit 
Microarray-Expressionsdaten, aus bereits veröffentlichten Projekten, auf der für diesen Zweck neu 
entwickelten Onlineplattform PEATmoss zur Verfügung gestellt. Benutzer können Expressionsdaten 
unterschiedlichster Experimente interaktiv miteinander vergleichen und Resultate in übersichtlicher 
Form herunterladen. Des Weiteren ermöglicht PEATmoss das Konvertieren aller bisher verwendeten 
P. patens Genmodellversionen untereinander. 
Die zuvor beschriebenen Sequenzdaten beinhalten fünf unterschiedliche P. patens Ökotypen 
(Gransden, Kaskaskia, Reute, Villersexel und Wisconsin). Sequenzvariation unter den Ökotypen wurde 
bereits in früheren Studien aufgezeigt. In dieser Arbeit wurden erstmals Sequenzvariationen für fünf 
unterschiedliche Ökotypen auf Basis von RNA-seq-Daten untersucht. Hierfür wurde die RNA-seq-
Pipeline modifiziert und die Funktionalität auf Variationsdetektion ausgeweitet. Eine klare 
Gruppierung der einzelnen Ökotypen und Gransden-Stämme kann beobachtet werden. Zusätzlich 
stellen wir mittels Restriktionsfragmentlängenpolymorphismus (RFLP) eine Methode bereit, die eine 






The model organism Physcomitrium patens, formerly Physcomitrella patens is a moss in the 
Funariaceae family. Due to P. patens ability to generate easily transgenic plants via homologous 
recombination, the interest of scientists worldwide was attracted. P. patens was the world's first 
completely sequenced non-seed plant genome (V1). Constant improvements of the genome assembly 
and the associated gene annotations resulted in the current P. patens pseudo-chromosomal genome 
version (V3). This genome version is the basis of all analyses performed in this thesis. 
Since P. patens became a U.S. Department of Energy Joint Genome Institute (DOE JGI) plant flagship 
genome1 and a member of the JGI Gene Atlas project2, hundreds of P. patens RNA-seq samples were 
generated. During my time as a PhD student, I analysed the JGI Gene Atlas RNA-seq samples and 
several dozen other RNA-seq samples from different projects. These RNA-seq samples contained data 
from five different P. patens ecotypes/accessions (Gransden, Kaskaskia, Reute, Villersexel, and 
Wisconsin).To efficiently analyse this data, I developed a powerful RNA-seq pipeline to perform 
differentially expressed gene (DEG) calling. The performance of the RNA-seq pipeline was tested by 
comparing its results to commercial software solutions and multiple RNA-seq samples from different 
species. 
My newly generated gene expression results, together with previous published expression data from 
a variety of other projects, were stored at our novel online tool PEATmoss. Furthermore, my gene 
version lookup tables were implemented in a database structure. This, allows PEATmoss users to find 
gene models of different gene annotation versions and to use them in PEATmoss. 
With an updated version of my RNA-seq pipeline, I identified and analysed sequence variations in P. 
patens accessions. A clear clustering by individual accessions could be shown. I could demonstrate, 
that due to decades of vegetative propagation in laboratories, somatic mutations have accumulated 
in Gransden laboratory plants. In addition, we used restriction fragment length polymorphism (RFLP) 
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3.1 Physcomitrium patens 
 
Physcomitrium patens (formerly known as Physcomitrella patens) belongs to the Funariaceae, a family 
of the taxonomic division Bryopsida. The moss P. patens was first characterized by (Hedwig and 
Schwägrichen, 1801). Today, after several phylogenetic rearrangements, P. patens is placed in the 
genus Physcomitrium as propagated by (Mitten, 1851, Rensing et al., 2020). The current full name is 
Physcomitrium patens (Hedwig) Mitten (Medina et al., 2019). 
Several requirements need to be fulfilled for an organism to become a model organism (Hedges, 2002). 
These are, among others, a relatively short lifecycle, uncomplicated in genetic and cultivation 
purposes. The results should be widely transferable to other organisms. In the early 1960’, H.L.K. 
Whitehouse collected the moss Physcomitrium (Physcomitrella) patens at Gransden Wood 
(Huntingdonshire, UK). Since then, the descendants of this plant became one of the most important 
non-seed plant model organisms (Rensing et al., 2020). Plant evolutionary questions like the water to 
land transition (de Vries and Rensing, 2020) as well as the use of modern omics technologies (Reski et 
al., 2018) are parts of the wide field of studies P. patens is involved. 
The P. patens lifecycle (Figure 1) starts with a germinating spore that grows long branching protonema 
tissue. First, it consists of chloronema with a high density of chloroplasts while later caulonemal cells 
with less chloroplasts emerge (Figure 1 upper part). Small buds grow at caulonema cells and form the 
gametophore with a stem and phyllids (leaflets) (Rensing et al., 2020). An adult gametophore reaches 
five millimeters in size. Small rhizoids, as analogous to roots, help to anchor the plant to the substrate 
and supply water and nutrients. P. patens is a monoecious moss and thus develops gametangia, 
antheridia (male) and archegonia (female) structures, apical of the gametophore. A single adult 
gametophore accommodates several archegonia and antheridia formed in a single cluster (Hiss et al., 
2017) (Figure 1 lower left part). Antheridia produce biflagellated gametes (spermatozoids). In the 
presence of water, hundreds of spermatozoids are released by the antheridium. They swim to the 
archegonium to reach the mature egg cell at the bottom of the archegonium (Rensing et al., 2020). 
The self-fertilization rate of P. patens is between 92 % and 97 % (Perroud et al., 2011). A fertilized egg 
cell forms the diploid (2n) zygote and turns into an embryo which develops into the sporophyte 
(Figure 1 lower right part). This is the only diploid stage in the whole lifecycle of P. patens. A small 
leftover of the archegonium can be found at the top of the sporophyte, the Calyptra, which remains 
haploid (1n). Usually, only a single sporophyte develops on the apex of a gametophore. During the 
process of maturation, the sporophyte turns from green to brown. The brown, mature sporophyte 
6 
releases haploid spores. A full lifecycle is completed within approximately three months (Schaefer and 
Zrÿd, 2001). 
 
Figure 1: P. patens lifecycle. A germinating spore grows protonema. Buds grown on protonema develop to the gametophore. 
Rhizoids anchor the plant. The sexual organs, archegonium and antheridium, are build apical of the gametophore. A fertilized 
egg cell develops the sporophyte. After maturation, the sporophyte releases new spores. All tissues, except the sporophyte, 
are haploid (1n). Tissues are not drawn at a similar scale. Modified after (Lang et al., 2018, Rensing et al., 2020). 
 
3.2 Accessions and Gransden pedigrees 
 
During the last decades, several samplings of different P. patens ecotypes (in this thesis called 
accessions) were reported (von Stackelberg et al., 2006, Kamisugi et al., 2008, McDaniel et al., 2010, 
Perroud et al., 2011, Beike et al., 2014, Medina et al., 2019) and (https://www.moss-stock-center.org). 
In this work, five different P. patens accessions were used (Table 1 and Figure 2). Two strains were 
collected in the Northern American region: The isolate Kaskaskia (Perroud et al., 2011) was collected 
near St. Louis, Illinois, USA and the isolate Wisconsin came from the AUGIE herbarium, Rock Island, 
Illinois, USA (Haas et al., 2020). Two accessions are from central Europe: The isolate Villersexel 
7 
(Kamisugi et al., 2008) was sampled from a site close to Villersexel, France and the isolate Reute (Hiss 
et al., 2017) from Reute near Freiburg, Germany. The remaining isolate is Gransden (Engel, 1968, 
Rensing et al., 2008, Lang et al., 2018), collected in Gransden Wood, Huntingdonshire, UK. P. patens 
can be found at temporarily flooded creeks or lake banks and moist open fields (Cove, 2005, Rensing 
et al., 2020) (Figure 4). 
 
Table 1: Origin of the five P. patens accessions used in this work. 
Isolate Where Who When Publication 
Gransden Collected at Gransden Wood, 
Cambridgeshire, England, UK 
H.L.K. 
Whitehouse 
1962 (Engel, 1968) 
Villersexel Collected at Villersexel, Villers la Ville, Haute 
Saône, France 
M. Lüth 2003 (Kamisugi et 
al., 2008) 
Kaskaskia Collected near the Kaskaskia River, Illinois, 
USA. 
D. Vitt and 
M. Sargeant 
2003 (Perroud et 
al., 2011) 
Reute Collected near Reute, Freiburg i.B., Germany M. Lüth 2006 (Hiss et al., 
2017) 
Wisconsin Collected in Wisconsin, original specimen in 
AUGIE herbarium, Rock Island, Illinois, USA 




As previously mentioned, H.L.K. Whitehouse collected the most commonly used P. patens accession 
Gransden in 1962. Engel started to cultivate Whitehouse’s P. patens Gransden sample. He used a single 
spore to initiate the culture (Engel, 1968). This accession was named Gransden. In 1974 Ashton and 
Cove (Ashton and Cove, 1977, Cove, 2005) started to distribute Gransden plants globally. It is important 
to be aware of the fact that all Gransden plants are derived from a single spore isolate. P. patens is 
mainly cultivated and propagated vegetatively. Therefore, the offspring can be considered to be clonal 
and should be genetically identical. However, genetic variation between the different Gransden 
laboratory strains (Gd pedigrees) can be observed (Haas et al., 2020). All currently existing Gransden 
plants are derived from laboratories. New Gransden material cannot be collected, because its habitat 
at Gransden Wood was destroyed. In this thesis, different Gransden pedigrees around the world are 
grouped by their origin. Four main Gransden pedigree clusters were defined. These pedigrees are 
Gransden United Kingdom (Gd_UK), Gransden Germany (Gd_DE), Gransden Switzerland (Gd_CH), and 
Gransden Japan (Gd_JP) (Figure 2).  
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Figure 2: P. patens pedigree. The pedigree shows five different P. patens accessions sub-clustered by 13 different Gransden 
and two different Reute laboratory strains (Gd and Re pedigrees). Gransden (reddish) was collected in 1962 and is the oldest 
accession in laboratories. Kaskaskia (blue) and Villersexel (grey) were collected in 2003. The accession Reute (green) joined 
the collection in 2006. The youngest accession in this pedigree is Wisconsin (violet), collected in 2017. This pedigree shows 
only those P. patens accessions that were used in this thesis. More accessions can be found at https://www.moss-stock-
center.org. Trackable sexual propagation history is shown by stacked boxes. + Since 2011 yearly selfing, expect 2013. * Since 
1999 Gransden Freiburg went through nine generations leading to WT9. 
 
3.3 P. Patens genome and gene model annotation 
 
The US DOE JGI started to sequence the P. patens genome after a genome consortium was founded in 
2004 (Rensing et al., 2020). Back in 2004, just a few plant genomes were fully sequenced. The 
phylogenetic position of P. patens promoted a high interest in sequencing the full genome, as the first 
non-seed plant. In 2008 (Rensing et al., 2008) published the first draft of the P. patens genome. It 
contained 480 Mbp, spread over ~ 2,000 scaffold sequences. The first published genome annotation 
version consisted of 35,938 gene models (Rensing et al., 2008). Subsequently, the genome annotation 
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was continuously improved over the years. Gene model annotation version 1.2 and 1.6 were published 
on the recently discontinued cosmoss.org webpage. Nevertheless, data documentation is still available 
(https://www.cosmoss.org/physcome_project/wiki/Main_Page).  
Exactly 10 years after the publication of the first genome version, the most recent genome version 3 
(V3) was published by (Lang et al., 2018). This genome version represents the assembled 472 Mbp in 
27 pseudo-chromosomes and 330 unassigned scaffolds. The associated genome annotation version 
v3.3 contains 32,458 gene models. This resource is available at the CyVerse comparative genomics 
platform CoGe (https://genomevolution.org/coge/OrganismView.pl?gid=33928) (Figure 3). 
 
Figure 3: CoGe JBrowse screen shot of P. patens V3 with multiple tracks loaded. Among other functions, CoGe has a 
integrated JBrowse (Skinner et al., 2009, Buels et al., 2016) instance. On the most right side, all gene annotations (top) and 
experiment tracks (below) are shown. Each track can be loaded and will be visible on the main screen. The current shown main 
screen displays (top to bottom): v3.3 and v1.6 gene models, methylation and expressions data, SNPs and TSS evidence. Each 
single track can be downloaded. https://genomevolution.org/coge/GenomeView.pl?embed=&gid=33928  
 
3.4 Sequencing data 
 
A breakthrough in the DNA sequencing technology was the first fully sequenced genome of the 
bacteriophage phi-X with 5,386 bp (Sanger et al., 1977). Subsequently, the technology for RNA 
sequencing, more precisely cDNA sequencing (RNA-seq), was developed (St. John and Davis, 1979, 
Weinstock et al., 1994) that paved the way for wide gene expression studies. The next boost in 
sequencing technologies occurred when next-generation sequencing (NGS) methods appeared 
(Bennett, 2004, Margulies et al., 2005, Shendure et al., 2005). Supported by the huge impact of NGS 
high throughput RNA-seq emerged (Mortazavi et al., 2008, Tang et al., 2009). While several NGS 
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techniques, all with advantages and disadvantages exist, the technology used by Illumina (Bennett, 
2004) is the most common sequencing technology. This technology is based on a large number of short 
DNA fragments that bind to adapters fixed on a surface. Both, the forward and the reverse 
complementary strands are amplified before sequencing. The sequencing itself is done by imaging a 
fluorescent signal. This signal is created by fluorescently labelled reversible terminators each time a 
deoxyribonucleoside triphosphate (dNTP) is added to the target sequence (Bennett, 2004). An output 
sequence (read) can be up to 300 nt long and a single sequencing run can generate up to one billion 
reads (https://www.illumina.com/systems/sequencing-platforms.html, visited 2020-04-06). Illumina 
provides a good reading accuracy and high sequence output. The latest, third-generation sequencing 
technologies, Oxford Nanopores MinION (Jain et al., 2016) and Pacific Biosciences SMRT (Eid et al., 
2009) do not need to amplify DNA and can produce multiple kbp long reads. However, these 
technologies need to improve their reading accuracy. 
 
Figure 4: Origin of the P. patens accessions and Gransden pedigrees. The sampling sites of the five different accessions are 
shown in dark red (Gransden, UK), blue (Kaskaskia, USA), violet (Wisconsin, USA), green (Reute, DE) and grey (Villersexel, FR). 
Gransden pedigrees originating from laboratories worldwide resulted in RNA-seq samples for this thesis (red indicators) Map 
based on https://www.google.com/maps. 
 
3.4.1 The DOE JGI Gene Atlas project 
 
In 2010, P. patens became a US DOE JGI flagship genome (https://jgi.doe.gov/our-science/science-
programs/plant-genomics/plant-flagship-genomes). Subsequently, the JGI funded the DOE JGI Plant 
Flagship Gene Atlas project (https://jgi.doe.gov/doe-jgi-plant-flagship-gene-atlas/). This project aimed 
to advance the expression catalog of the JGI Plant Flagship genomes. A special focus on nitrogen 
metabolism was put forward. The first five species, alga Chlamydomonas reinhardtii, soybean Glycine 
max, moss Physcomitrium patens, poplar tree Populus trichocarpa and foxtail millet Setaria italica, 
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were complemented by Arabidopsis thaliana, Medicago truncatula, Brachypodium distachyon, 
Panicum virgatum, Panicum halli, Setaria viridis and Sorghum bicolor. Across all 12 species, 887 RNA-
seq samples were sequenced by the DOE JGI using Illumina technology (https://genome.jgi 
.doe.gov/portal/JGIFlaPGeneAtlas/JGIFlaPGeneAtlas.info.html). These RNA-seq datasets enable broad 
inferences of shared gene function across phyla. 
 
3.4.2 P. patens expression data 
 
As part of the ambitious JGI Gene Atlas project, 61 P. patens experiments were sequenced with RNA-
seq, separated by two sequencing rounds (Figure 5). In the first round (1st) in 2014, 13 different 
laboratories produced 34 tissue/treatment conditions (Chapter 5.2 and Supporting information 9.2, 
Table S6 and S7, Figure S2) (Perroud et al., 2018). The second round (2nd) in 2016 included three 
laboratories and 27 experiments (Supporting information 9.3, Table S8) (Fernandez-Pozo et al., 2019). 
In both sequencing rounds two P. patens accessions, Gransden (Figure 4, red marks) and Reute were 
used. Multiple tissues were covered, inter alia, protonemata with young gametophore, green and 
brown sporophytes, adult gametophores, phyllids (leaflets) and germinating spores (Figure 1). The 1st 
round had its focus on protonemata tissue and different nitrogen sources. Studies in the second round 
used more Reute plants and the experimental focus changed to phosphate time courses as well as 
mutant studies. Due to library preparation issues, 54 samples of the 2nd round were sequenced twice 
(Supporting information 9.5). 
 
Figure 5: Number of P. patens JGI Gene Atlas experiments and used tissues. 39 protonema tissue experiments, 17 
gametophore tissue experiments, three spore tissue experiments, and two sporophyte experiments were done. In the 1st 
sequencing round, 34 experiments were sequenced, in the 2nd round, 27 experiments (dashed line). Tissues are not shown at 
a similar scale. P. patens tissue pictures were taken from (Prigge and Bezanilla, 2010, Hiss et al., 2017). 
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3.5 Genetic variation 
 
Dissimilarity in the genome sequence of individuals is called genetic variation. Substantial sources of 
variation is sequence mutation. The emergence of mutations has multiple causes, e.g. environmental 
influences, mutagenic chemicals or DNA synthesis errors. Mitotic and meiotic processes can force 
sequence errors, like genetic recombination. Examples for genetic recombination are chromosomal 
cross overs and shifting transposable elements. For inheritance questions, the affected cell type is 
important. Only variations in germ cells will influence the offspring, thus genetic variation is the driving 
force of evolution. However, vegetatively propagated organisms can obtain variations from somatic 
cells as well. 
The number of genetic modifications between P. patens accessions varies. A high degree of 
polymorphism in the genome of Villersexel was observed by using simple sequence repeats (SSRs) (von 
Stackelberg et al., 2006). The same trend was shown while generating the P. patens genetic linkage 
map (Kamisugi et al., 2008). Genetic distances in Villersexel found by (Beike et al., 2014) were proposed 
to be evidence for high intrapopulation diversity or long-range dispersal. Based on recognized 
polymorphisms, (McDaniel et al., 2010) argued that P. patens emerged at least three times from 
various ancestors from the genus Physcomitrium. NGS data was used to detect single nucleotide 
polymorphisms (SNPs). These SNP studies showed a higher variation of Villersexel, where Gransden 
was used as reference, compared to other analysed accessions (Ding et al., 2018, Lang et al., 2018, 
Haas et al., 2020). SNP calling based on RNA-seq data could strengthen the circumstance, that somatic 
mutation occurs and accumulate in P. patens laboratory strains.  
 
3.6 Bioinformatic procedure 
 
Next-generation sequencing, can generate hundreds of millions reads per sequencing run. The sheer 
size of this amount of data requires predictable and standardized analysis methods. Many of the high-
performance software tools for analytical processing of RNA-seq data are designed for one specific 
task only, e.g. sequence quality control or read mapping. It is challenging to run these programs fast 
and efficient. Issues that users face can be incompatible software versions, different input formats or 
unknown calculation parameters. Predefined process structures can help to overcome such issues. As 
an example: A pipeline is a chain of predefined process elements. The output of a finished process is 
the input of the follow-up process. Rulesets define the workflow. The same methodology is used for 
developing computational pipelines. For this thesis, several hundred RNA-seq samples were processed. 
To manage the analysis, a functional and effective RNA-seq pipeline, adapted on the concept of 
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scientific workflows, was developed. The scheme of the pipeline is shown in Figure 6. The design fulfils 
specific and important requirements such as flexibility with respect to data input, modular structure, 
user-friendly interface, easy maintenance, and fast computing, to mention only some advantages. 
While focusing on the computing part and the informatics behind it, it is important not to neglect the 
biological interpretation of the results. The choice between biological or statistical normalization 
methods and the interpretation of the corresponding values has a major impact on the results (Qin et 
al., 2013, Evans et al., 2018). Likewise, the origin and composition of the biological samples need to be 
considered.  
The interaction of the newly released V3 genome with the associated v3.3 gene annotation together 
with the novel designed RNA-seq pipeline for the P. patens accessions' variant calling and the JGI Gene 
Atlas RNA-seq data analyses, in association with expression data published on PEATmoss, is the key of 
my successful analyses. 
 
Figure 6: The RNA-seq pipeline design. The pipeline is structured in three functional units: A) RNA-seq pre-processing, 
includes sequence quality control, filtering and reference mapping, B) Gene expression calculation, normalization and DEG 
calling, and C) Variant detection/SNP calling.  
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4 Research objectives 
 
The main focus of this work was to develop resources for the important non-seed plant model P. patens 
to improve genome annotation, expression data, and methods to analyse sequence variation within 
accessions and pedigrees. 
The first step was to develop methods to analyse large numbers of RNA-seq samples. The JGI Gene 
Atlas project contributed the majority of the analysed data. This project includes the first extensive 
high throughput RNA-seq dataset of P. patens. Our novel universal RNA-seq pipeline uses RNA-seq and 
gDNA data form different species. The pipeline results were tested by comparison to the commercial 
CLC workbench tool (Lanver et al., 2018) and by the usage of data from different organisms. Pipeline 
output data like gene expression evidence and DEGs were used to accomplish gene expression profiles.  
The P. patens genome V3 and its annotation were upgraded by using transcriptomic data and publicly 
available sequence databases. Further genome version upgrades are in progress.  
Our approach to share results with the community and establishing a good data availability was to 
upload genome and annotation data to CoGe and expression data to the new developed web tool 
PEATmoss.  
Subsequently, pipeline extensions were developed. The functionality was expended by adding SNP 
calling and transcriptome assembly branches. Dozens of already publicly obtainable RNA-seq samples 
were collected for variant detection. This data was combied with new RNA-seq samples of P. patens 
accessions Gransden, Kaskaskia, Reute and Villersexel plus the JGI Gene Atlas RNA-seq samples. 
Somatic mutation, as well as natural variation, was observed by analysing P. patens Wisconsin gDNA 
samples. Single nucleotide polymorphisms based on transcriptomic data were detected and relations 





5.1 The Physcomitrella patens chromosome‐scale assembly reveals moss genome 
structure and evolution 
 
Exactly 10 years after the first P. patens genome version (V1) was published (Rensing et al., 2008), the 
new version 3 (V3) was released (Lang et al., 2018). The new genome assembly has reached a pseudo-
chromosomal status. Its 472 Mbp are split into 27 pseudo-chromosomes and 330 unassigned scaffolds 
(Paper 5.1, page 515f). Besides the genome assembly, new chloroplast and mitochondrial genomes 
were presented (Supporting information, 9.1.1). Before the final genome assembly version was 
released, the full assembly went into a contamination check (Supporting information, 9.1.2). Since V1, 
it was known, that Bacillus subsp. occurred in the P. patens sequencing libraries and later assigned in 
the genome assembly. The first contamination removal of these bacterial fragments was done for the 
V1.1 release (https://www.cosmoss.org/physcome_project/wiki/Contaminations). Additionally, the 
genome annotation and the corresponding gene models were improved. Expression datasets and 
different gene prediction methods were evaluated and merged into final gene annotation versions 3.1 
(v3.1) and 3.3 (v3.3) (Supporting information, 9.1.3) (Paper 5.1, page 526). 
Several fundamental analyses, like TE studies, that detected an unusual distribution of LTRs and 
protein-coding genes (Paper 5.1, page 517f), DNA methylation analyses show gene body methylation 
(Paper 5.1, page 519-522), and SNP detection to identify variation between three different accessions 
(Paper 5.1, page 522f), were done. In total, 21 experimental tracks were generated and uploaded to 
CoGe (https://genomevolution.org/coge/GenomeInfo.pl?gid=33928) (Supporting information, 9.1.4). 
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SUMMARY
The draft genome of the moss model, Physcomitrella patens, comprised approximately 2000 unordered scaf-
folds. In order to enable analyses of genome structure and evolution we generated a chromosome-scale
genome assembly using genetic linkage as well as (end) sequencing of long DNA fragments. We find that
57% of the genome comprises transposable elements (TEs), some of which may be actively transposing dur-
ing the life cycle. Unlike in flowering plant genomes, gene- and TE-rich regions show an overall even distri-
bution along the chromosomes. However, the chromosomes are mono-centric with peaks of a class of
Copia elements potentially coinciding with centromeres. Gene body methylation is evident in 5.7% of the
protein-coding genes, typically coinciding with low GC and low expression. Some giant virus insertions are
transcriptionally active and might protect gametes from viral infection via siRNA mediated silencing. Struc-
ture-based detection methods show that the genome evolved via two rounds of whole genome duplications
(WGDs), apparently common in mosses but not in liverworts and hornworts. Several hundred genes are pre-
sent in colinear regions conserved since the last common ancestor of plants. These syntenic regions are
enriched for functions related to plant-specific cell growth and tissue organization. The P. patens genome
lacks the TE-rich pericentromeric and gene-rich distal regions typical for most flowering plant genomes.
More non-seed plant genomes are needed to unravel how plant genomes evolve, and to understand
whether the P. patens genome structure is typical for mosses or bryophytes.
Keywords: evolution, genome, chromosome, plant, moss, methylation, duplication, synteny, Physcomitrella
patens.
INTRODUCTION
The original genome sequencing of the model moss Physco-
mitrella patens (Hedw.) Bruch & Schimp. (Funariaceae)
reflected its informative phylogenetic position: a very early
divergence from the evolutionary path that eventually led to
the flowering plants soon after the first plants conquered
land ca. 500 Ma ago (Lang et al., 2010). Previous compar-
isons of the moss genome with those of flowering plants
and green algae provided many insights into land plant
evolution (Rensing et al., 2008), detailing for example the
evolution of abiotic stress responses and phytohormone sig-
naling. Subsequent comparative functional genomic analy-
ses, making use of the ability of P. patens for ‘reverse
genetics’ by gene targeting, addressed questions of how
gene functions evolved to enable the increasing develop-
mental and anatomical complexity that characterizes the
dominant forms of plant life on the planet (e.g. Horst et al.,
2016; Sakakibara et al., 2013). The initial draft sequence
encompassed close to 2000 unordered scaffolds, signifi-
cantly limiting analyses of chromosomal structure and
evolution, or of the conservation of gene order during land
plant evolution. We now present a new assembly accurately
representing the chromosomal architecture (pseudochromo-
somes). Much-increased acquisition of transcriptomic evi-
dence has substantially improved the quality of gene
annotation, and acquisition of high-density DNA methylation
and histone mark data combined with a detailed analysis of
transposable elements (TEs) explain the size and architec-
ture of the moss genome. This study provides unprece-
dented insights into the genome of a haploid-dominant land
plant, such as the peculiar structure and evolution of moss
chromosomes, and demonstrates syntenic conservation of
important plant genes throughout 500 Ma of evolution.
RESULTS AND DISCUSSION
The moss V3 genome: assembly and annotation
The original genome sequence (V1.2) of Physcomitrella
patens (strain Gransden 2004) comprised 1995 sequence
© 2017 The Authors
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scaffolds (Rensing et al., 2008; Zimmer et al., 2013). Here,
we integrated the previous sequence data with a high-den-
sity genetic linkage map based on 3712 SNP segregating
loci in a cross between the ‘Gransden 2004’ (Gransden)
laboratory strain and the genetically divergent ‘Villersexel
K3’ (Villersexel) accession (Kamisugi et al., 2008). The
resulting assembly was further improved using novel BAC/
fosmid paired end sequence data (cf. Appendix S1, Supple-
mentary Material I for details; see section Availability of
gene models and additional data for novel data associated
with this study). We screened the subsequent integrated
assembly for sequence contamination, producing a pseu-
domolecule release covering 27 nuclear chromosomes
with a total genetic linkage distance of 5502.6–5503.1
centiMorgans (cM). The 27 chromosomal pseudomolecules
include 462.3 Mbp of sequence, supplemented by 351
unplaced scaffolds representing 4.9 Mbp (1%) of uninte-
grated sequence, totaling 90% of the 518 Mbp estimated
by flow cytometry (Schween et al., 2003). The reads parti-
tioned as mitochondrial and plastidal were assembled de
novo, yielding an improved assembly and annotation of
both organellar genomes (correcting e.g. the N-terminal
sequence of the plastidal RuBisCO). Structural annotation
used substantial new transcript evidence (File S3). For
parameter optimization it relied on a manually curated ref-
erence gene set (Zimmer et al., 2013), yielding gene anno-
tation version 3.1. Of 35 307 predicted protein-coding
genes, 27 511 (78%) could be functionally annotated (cf.
Appendix S1, Supplementary Material II and File S1), i.e.
encode known domains and/or encode homologs of pro-
teins in other species. In total, 20 274 (57%) genes are
expressed based on RNA-seq evidence of typical develop-
mental stages covered by the JGI gene atlas project (http://
jgi.doe.gov/our-science/science-programs/plant-genomics/
plant-flagship-genomes/); the remaining genes might be
expressed in as yet unrepresented stages such as mature
spores or male gametes. We found 13 160 genes to be
expressed in the juvenile gametophyte (Figure 1), the fila-
mentous protonemata, 12 714 in the adult gametophyte,
the leafy gametophores, and 14 309 in the diploid sporo-
phytes developing from the zygote (overlap: 10 388 genes
expressed in all three developmental stages).
Unusual genome structure
Transposon content and activity. De novo analyses of
repeated sequences revealed that the genome is highly
repetitive, with 57% of the assembly comprising TEs, tan-
dem repeats, unclassified repeats, and segments of host
genes (cf. Appendix S1, Supplementary Material III and
Table S13). The vast majority of TEs are long terminal
repeat (LTR) retrotransposons (RT), strongly dominated by
Gypsy-type elements that contribute almost 48%, with
Copia-type elements much less abundant (3.5%). The esti-
mated relative insertion times of LTR-RTs confirm the
limited accumulation of Copia-type elements over a pro-
longed evolutionary time. By contrast, two peaks of
Gypsy-type elements testify to both ancient and recent
periods of significant TE activity (Figure S7). Phylogenetic
inference revealed the presence of five main LTR-RT
groups including three Gypsy-type (RLG1-3) and two
Copia-type elements (RLC4-5; Figure S8). Applying a
molecular clock based on sequence divergence to the full
length, intact LTR-RTs indicates that the latest (<1 Ma)
activity of Gypsy-type elements was mostly contributed by
RLG1-3 elements, preceded by the amassing of RLG2 and
RLC5 copies (around 4–6 Ma, Figures S7 and S36). RLG1
thus comprises the youngest and most abundant group
among intact LTR-RTs. In line with these results, analysis
of TE insertion polymorphisms between Gransden and
Villersexel showed that RLG1 elements are highly poly-
morphic, accounting for most of the detected insertion
variants (Figure S9). Since we detect such insertions in
both accessions, the decades long in vitro culture of
Gransden is not likely to be the major source of trans-
poson activity. RLG1 elements are expressed in non-
stressed protonemata (Figure S6), which is uncommon as
transposon expression is usually strongly silenced in
Figure 1. The P. patens life cycle.
Germination of haploid spores yields the juvenile gametophytic generation,
the protonema. Protonema grows two-dimensional by apical (tip) growth
and side branching. Protonemata consist of chloroplast-rich chloronema
cells, and longer, thinner caulonema cells featuring less chloroplasts and
oblique cross walls. Three-faced buds featuring single apical stem cells
emerge from side branches (Harrison et al., 2009) to form the adult gameto-
phytic phase, the leafy gametophores. Gametophores comprise basal, mul-
ticellular rhizoids for nutrient supply, as well as non-vascular leaves
(phyllids). Gametangia (female archegonia and male antheridia) develop on
the gametophores. Upon fertilization of the egg cell by motile spermato-
zoids the diploid zygote forms and subsequently performs embryogenesis.
Spore mother cells in the diploid sporophyte undergo meiosis to form
spores.
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plants and is only detected in very specific tissues such as
pollen, in silencing mutants or under stress situations
(Martinez and Slotkin, 2012). Moreover, recent data sug-
gest that some stresses that typically induce plant retro-
transposons, such as protoplastation, inhibit RLG1
expression (Vives et al., 2016), suggesting that RLG1 may
transpose during the P. patens life cycle and might play a
role in its genome dynamics. The moss germinates from
spores that develop into filamentous, tip-growing protone-
mata (comprising chloroplast-rich chloronemal and fast-
growing caulonemal cells; Figure 1). Buds develop from
caulonemal cells and grow into gametophores that bear
sexual organs (gametangia). Mosses are prone to
endopolyploidy (Bainard and Newmaster, 2010) and older
P. patens caulonema cells endoreduplicate (Schween
et al., 2005). Interestingly, endoreduplicated caulonemal
cells give rise to somatic sporophytes if PpBELL1 is over-
expressed, thus circumventing sexual reproduction (Horst
et al., 2016). De facto 2n caulonemal cells might constitute
a staging ground for (potentially transmitted) somatic
changes caused via transposon activity.
Unusual chromatin structure. The genomes of most flow-
ering plants are typically composed of monocentric chro-
mosomes, whose unique centromeres are surrounded by
heterochromatic pericentromeric regions, that are repeat-
rich and gene-poor relative to distal (sub-telomeric),
euchromatic regions (Lamb et al., 2007; Figure S34). By
contrast, the landscape of gene and repeat density along P.
patens chromosomes is rather homogeneous, we do not
detect large repeat-rich regions with relatively low gene
density (Figures 2 and 3). At a finer scale, we do detect an
alternation of gene-rich and repeat-rich regions all along
the chromosomes (Figure S10). Typical plant pericen-
tromeres are more prone to structural variation (e.g. TE
insertions and deletions) compared with the remainder of
chromosome arms (Li et al., 2014). Yet, analysis of P.
patens chromosomes failed to identify hotspots of struc-
tural variation that could coincide with pericentromeres
(Figure S11). It should be noted, however, that the cen-
tromeres could be present at least partially in the unassem-
bled parts of the genome. In any case, immuno-labeling of
mitotic metaphase chromosomes using a pericentromere-
specific antibody demonstrates that they are mono-centric
(Figure S5). Unlike in many flowering plant genomes, the
P. patens chromosomes are characterized by a more uni-
form distribution of eu- and heterochromatin (Figures 3,
S5 and S35), raising questions about the nature and loca-
tion of centromeres.
Physcomitrella centromeres seem to coincide with a partic-
ular subset of Copia elements. Plant centromeres typi-
cally comprise large arrays of satellite repeats that can be
punctuated by some TEs (Wang et al., 2009). However,
plotting the density of tandem repeats along the P. patens
chromosomes did not reveal peaks likely to reflect the
position of centromeres (Figure S11). Computational analy-
sis of tandem repeats in a variety of genomes identified
candidate centromeric repeats in P. patens, although green
algae, mosses, and liverworts contain low abundances of
these (Melters et al., 2013). Positioning them on the
P. patens V3 assembly revealed a patchy distribution, not
single peaks that could coincide with centromeres as
expected for monocentric chromosomes (Figures S5 and
S11). By contrast, the low abundance Copia-type elements
exhibited unusually discrete density peaks, typically one
per assembled chromosome, spanning hundreds of kbp
(Figures 2 and S11). Each Copia density peak principally
contains RLC5 elements. A similar situation has been
described in the green alga Coccomyxa subellipsoidea in
which a single peak of a LINE-type retrotransposon, the
Zepp element, was proposed to be involved in centromeric
function (Blanc et al., 2012). The RLC5 density peak regions
are generally punctuated by unresolved gaps in the assem-
bly and by fragments of other TEs (Figure S12). Closer
examination revealed that they comprise full length LTR-
RTs (FL_RLC5) as well as highly similar truncated non-
autonomous variants (Tr_RLC5) that lack the integrase
(INT) and reverse transcriptase domains (RVT) (Figure S13).
Remarkably, all RLC5 clusters appear to be mosaics con-
taining nested insertions of both FL_RLC5 and Tr_RLC5 ele-
ments, of which additional copies are rare in the genome.
A neutral explanation for the distribution of RLC5 clusters
is that their target sequences are present at a single loca-
tion per chromosome, perhaps caused by a preference for
self-insertion. Alternatively, a single cluster combining
FL_RLC5 and Tr_RLC5 copies may be necessary for normal
chromosome function. In either case, it is possible that
RLC5 clusters might be specific components of cen-
tromeres in P. patens. The dominant RLC5 peak per chro-
mosome, highlighting the putative centromere, is marked
by a radius in Figures 2 and 4.
Alternation of activating and repressing epigenetic
marks. For the V1.2 scaffolds that harbor histone 3 (H3)
ChIP-seq evidence (Widiez et al., 2014), 96% can be
mapped to the 27 V3 pseudochromosomes (Figure 4); the
remaining 4% map to the unassigned V3 scaffolds,
underscoring the quality of the assembly. The alternating
structure of genes and TE/DNA methylation (purple in
Figure 4) over the full length of the chromosomes is mir-
rored by activating H3 marks (K4me3, K27Ac, K9Ac;
green in Figure 4) corresponding to transcribed genic
areas, and repressive H3 marks (K27me3, K9me2; red in
Figure 4) coinciding with TEs/intergenic areas. This result
contrasts sharply with many flowering plant genomes
(Figure S34) in which gene-rich chromosome arms dis-
play less heterochromatin than pericentromeres. Similar
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to flowering plant genomes, TE bodies are generally
depleted for histone marks, excepting the silencing mark
H3K9me2 that is above background levels in the filamen-
tous protonemata, and at background level in unstressed
and stressed leafy gametophores (File S2). The previ-
ously described (Widiez et al., 2014) deposition of
H3K27me3 at developmental genes that takes place with
the switch from protonema to gametophore (Figure 1)
can be observed genome-wide (File S2). All TE bodies
are methylated in similar fashion, with CG and CHG
more abundant than CHH (>80% CG and CHG, >40%
CHH; Figures S15 and S25–S28), whereas gene bodies
remain barely methylated (Figures S15 and S25–S29).
RLC4 has the sharpest boundary pattern (File S2), with
almost no methylation outside the TE, followed by RLC5
with more outside-TE methylation, especially CHH. RLG1
Figure 2. Chromosome structure, focus on TEs.
From outer to inner: karyotype bands colored according to ancestral genome blocks as in Figure 5 (scale = Mbp), followed by: (1) gene density (grey, normalized
0,1); (2) repeat density (violet, normalized 0,1); (3) gypsy-type elements (blue, normalized 0,1); (4) Copia-type elements (blue, normalized 0,1); and (5) RLC5
elements (orange, histogram). For each chromosome, a radius marks the dominant RLC5 peak, potentially coinciding with the centromere (see text). All plots are
based on a 500 kbp sliding window (400 kbp jump). Chromosomes are arranged according to the ancestral (pre-WGD) seven chromosome karytope (Figure 5).
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follows in a similar fashion, although the relatively sharp
pattern of RLG1 and RLC5 can in part be attributed to
the fact that in case of nested insertions no ‘outside’ TE
region is present next to the TE boundary. RLG2 shows a
broad pattern of all three contexts, RLG3 shows the
broadest pattern with no discernible body peak. As the
methylation pattern of the main TE categories differs in
how sharply they define the TE proper, TE families might
have different impacts on the proximal epigenome.
Gene body methylation marks low GC genes. Interest-
ingly, intron-containing genes (Figure S25) show a much
sharper methylation contrast between gene body and sur-
rounding DNA, and a more pronounced difference
between CHH and the other contexts, than intron-less
genes (Figure S26). As the latter genes might in part be
retrocopies (Kaessmann, 2010), they might be more prone
to silencing and be embedded in more homogeneously
methylated areas. Gene-body methylation (GBM) is found
in many eukaryotic lineages and is thought to have been
present in the last common eukaryotic ancestor (Feng
et al., 2010). GBM in flowering plants is characterized by
CG methylation of the coding sequence, not extending to
transcriptional start and stop (Niederhuth et al., 2016).
Figure 3. Comparative analysis of genome structures.
Comparative data ofArabidopsis thaliana (left) and Physcomitrella patens (right) reveals the lack of large heterochromatic blocks (b) that ismirrored by even distribu-
tion of recombination rate, gene and LTR-RT distribution (a) in themoss.
(a) Averaged topology of genomic features based on 1000 non-overlappingwindows per chromosome (averaged over all chromosomes); arbitrary units, 1000 repre-
senting the full length of the averaged chromosomes. Upper track: Smoothed chromosomal densities of intact LTRs, protein-coding genes and the normalizedmean
recombination rate. Lower track: Smoothed density curves of H3K4me3 andH3K9me2 histonemodification peak regions.
(b) Immunostaining of typical eu- and heterochromatin-associated histonemethylationmarks (H3K4me2, H3K9me1 andH3K27me1) on flow-sorted interphase nuclei.
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Such genes are typically constitutively expressed and evo-
lutionarily conserved; however, the functional relevance of
GBM in flowering plants remains unclear (Zilberman,
2017). The low incidence of genic methylation in P.
patens, although all DNA methyltransferase classes are
present (Dangwal et al., 2014), probably reflects secondary
reduction. Despite the generally low genic methylation,
2012 (5.7%) protein-coding genes contain at least one
methylated position in gametophores (Figure S29), and
1155 (3.3%) of the genes show more than 50% of methy-
latable positions to be methylated (Figure S30), making
them GBM candidates. Most methylated genes are not
Figure 4. Chromosome structure, focus on epigenetic marks.
From outer to inner: karyotype bands colored according to ancestral genome blocks as in Figure 5, followed by: (1) gene density (grey) normalized 0,1; (2) GC con-
tent 0.25–0.45 (blue); (3) all TEs density (violet) normalized 0,1, NCLDV evidence is shown as radial orange lines; (4) methylation (red): CHH+CHG+CG, each median
per window normalized 0,1, 0.0–3.0 (individual tracks see Figure S32); (5) gametophore H3 repression marks (red, K27me3, K9me2) percent per window normal-
ized, 0.0–2.0 (for more detailed plots see File S1); (6) protonema H3 repression marks (red, K27me3, K9me2) normalized as in (5); (7) gametophore H3 activation
marks (green, K4me3, K27Ac, K9Ac) normalized as in (5); (8) protonema H3 activation marks (green, K4me3, K27Ac, K9Ac) normalized as in (5); (9) Nucleotide
diversity (blue histogram) 0.0–0.01. Dominant RLC5 peak radius as in Figure 2. (9) 100 kbp sliding window and 100 kbp jump, all other plots as in Figure 2.
Chromosomes are arranged according to the ancestral (pre-WGD) seven chromosome karytope (Figure 5).
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expressed in gametophores (1608 genes, 79.9%), suggest-
ing that, contrary to flowering plants, GBM might silence
them. They are also significantly less often annotated
(21.7% of methylated genes carry GO terms, versus 48.7%
of all genes; P < 0.01, chi-squared test). CHH-type methyla-
tion is most abundant (1409 genes), followed by CHG
(1306) and CG (1162); one-third of the genes share methy-
lation in all three contexts. The presence of CG methyla-
tion in P. patens gene bodies is in contrast with a
previous report (Bewick et al., 2017), potentially due to dif-
ferent coverage or filtering applied. Surprisingly, given
that cytosines are methylated, the average GC content of
GBM genes (36.5%) is significantly (P < 0.01, T-test) lower
than the genome-wide GC (45.9%). Genes without expres-
sion evidence in gametohores have lower GC content and
GBM than those that are weakly expressed (Table S18,
RPKM 0–2), while confidently expressed genes (RPKM >2)
are more GC-rich and less methylated. In summary, in
contrast with flowering plants low GC genes with no con-
served function are principally more often found to be tar-
geted (silenced) by DNA methylation, suggesting their
potential conditional activation. GO bias analysis of the
methylated genes expressed in gametophores shows
enrichment of genes involved in protein phosphorylation
(Figure S30(b)). Most (290, 59%) of the expressed methy-
lated genes are expressed in protonema, gametophores
and green sporophytes (Figure S30(c)), but 12.5% are
expressed in two tissues each, while 17 (3.5%) are exlu-
sively expressed in protonemata, 28 (5.7%) in game-
tophores and 93 (19%) in green sporophytes.
Do giant virus remnants guard gametes? We mapped
the genomic segments that were likely acquired horizon-
tally from nucleocytoplasmic large DNA virus relatives
[NCLDV, (Maumus et al., 2014); Table S16, and Figures 4
and S14–S22] and found that 87 integrations (NCLDVI) har-
bor 257 regions homologous to NCLDV protein-coding
genes and 163 sRNA clusters. Colinearity and molecular
dating analyses of NCLDVIs (Figures S19 and S20) suggest
four groups of regions that have been either amplified by
recombination events or represent simultaneous integra-
tions. The timing of these integrations (comprising both
relatively young and older insertions/duplications) appears
independent from the periods of LTR-RT activity. NCLDVI
regions are the most variable annotated loci in terms of
nucleotide diversity (Figure S18). Previous evidence sug-
gested that NCLDVI represent non-functional, decaying
remnants of ancestral infections that are transcriptionally
inactivated by methylation (Maumus et al., 2014). By
screening available sRNA-seq libraries we could record
repetitive, but specific sRNA clusters for these loci. Strik-
ingly, we identified two NCLDV genes harboring sRNA loci
that exhibit high transcriptional activity, coinciding with
lower levels of DNA methylation as compared with other
NCLDVI (Figures S14 and S15). Consistent with the pre-
dicted potential to form hairpin structures, sRNA northern
blots (Figure S22) of wild type and Dicer-like (DCL) deletion
mutants (Khraiwesh et al., 2010; Arif et al., 2012) suggest
that RNA transcribed from these loci might be processed
by distinct DCL proteins to generate siRNAs. These siRNAs
in turn might act to target viral mRNA during a potential
NCLDV infection, or to guide DNA methylation to silence
these regions (Kawashima and Berger, 2014). Regions har-
boring corresponding antisense sRNA loci are enriched for
stop-codon-free (i.e. non-degrading) NCLDV genes and
deviate from the remainder of NCLDVI in terms of cytosine
versus histone modifications (Figures S15 and S16). Based
on the similarity with intact LTR-RTs in terms of methyla-
tion and low GC (Figure S17), and the absence of
H3K9me2, we hypothesize that (like intact TEs) these
ancient, retained NCLDVi are euchromatic. We propose
that they are demethylated during gametogenesis by
DEMETER (which in Arabidopsis preferentially targets
small, AT-rich, and nucleosome-depleted euchromatic TEs
(Ibarra et al., 2012)). Given the proposed time point of acti-
vation of these regions during gametangiogenesis,
NCLDVIs might provide a means to provide large numbers
of siRNAs which, besides ensuring the transgenerational
persistence of silencing, could also provide protection
against cytoplasmatically replicating viruses via RNAi and
methylation of the viral genome. This would provide effi-
cient protection for moss gametes which, due to their
dependency on water, might be the most exposed to
NCLDV infections. This hypothesis provides a plausible
answer to the question why endogenous NCLDV relatives
have only been found in embryophytes with motile sperm
cells (Maumus et al., 2014).
Genetic variability. Sequencing three different accessions
we find 264 782 SNPs (1 per 1783 bp) for Reute (collected
close to Freiburg, Germany), 2 497 294 (1 per 188 bp) for
Villersexel (Haute-Saône, France) and 732 288 (1 per 644p)
for Kaskaskia (IL, USA) as compared with Gransden. There
are 42 490 polymorphisms shared among all three acces-
sions relative to Gransden, with other SNPs present in only
one or two of the accessions (Figure S31). SNP densities of
Arabidopsis thaliana ecotypes occur at one SNP per 149–
285 bp (Cao et al., 2011), similar to that in Villersexel,
which is surprising given that the rate of neutral mutation
fixation is lower in P. patens (Rensing et al., 2007). How-
ever, Villersexel has an extraordinarily high divergence
compared with other P. patens accessions (McDaniel et al.,
2010). Due to the fact that all accessions are inter-fertile,
yet genetically divergent (Beike et al., 2014), and exhibit
phenotypic differences (File S2; Hiss et al., 2017), we con-
sider them potential ecotypes. For all accessions, most
SNPs (>80%) are found in intergenic and adjacent (poten-
tial regulatory) regions of genes (Table S19). Less than 5%
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of all SNPs are found in genic regions, of those 34–36% are
silent (synonymous), 62–64% missense (non-synonymous)
and 1.6% cause a nonsense mutation. Overall, Reute
showed 72 regions of SNP accumulation, whereas Viller-
sexel and Kaskaskia showed 30 and 32, respectively
(Table S20-S22). The SNP accumulation regions in Reute
are more gene-rich with 18 genes/region compared with 8
and 10 in Villersexel and Kaskaskia. One peak on chromo-
some 16 is found in all accessions and contains genes
involved in sterol catabolism and chloroplast light sensing/
movement (Figure S33). Sterols have been implicated in
cell proliferation, in regulating membrane fluidity and per-
meability, and in modulating the activity of membrane-
bound enzymes (Hartmann, 1998). The over-represented
terms detected in the genes commonly harboring SNPs
might be the signature of evolutionary modification of
dehydration tolerance, for which membrane stability has
been shown to be an important factor in mosses (Oliver
et al., 2004; Hu et al., 2016).
Recombination might be needed for purging TEs. Many
genomes have higher densities of TEs in centromeres,
sub-telomeres (Figure S34), and sex chromosomes, i.e.
regions of low recombination (Dolgin and Charlesworth,
2008). One potential explanation for this biased distribu-
tion is that TEs insert with more or less equal frequencies
across the genome, but are heterogeneously distributed
because purifying selection is weaker in regions of low
recombination. This hypothesis can be put to test using
the Physcomitrella genome: the species is mostly selfing
(it practises de facto asexual reproduction using sexual
gametes; Perroud et al., 2011), and thus the effective rate
of recombination is low (since genetic variants are seldom
mixed as heterozygotes), and purifying selection is corre-
spondingly weak (Szovenyi et al., 2013). If recombination
(in outcrossed offspring) is indeed critical for making puri-
fying selection effective at purging weakly deleterious TEs,
we would predict that selection against TE disruption of
gene expression may be playing an important role in the
chromosomal distribution of TEs (Wright et al., 2003).
Hence, the unusual chromosomal structure might be a
function of predominant inbreeding. We expect that the
genomes of bryophytes that are outcrossers, like Marchan-
tia polymorpha, Ceratodon purpureus, Funaria hygromet-
rica or Sphagnum magellanicum, might show a more
biased distribution of TEs along their chromosomes.
Genome evolution
Two whole genome duplication events. Based on synony-
mous substitution rates (Ks) of paralogs, at least one WGD
event was evident in P. patens (Rensing et al., 2007, 2008).
However, gene family trees often show nested paralog
pairs, and the ancestral moss karyotype is hypothesized to
be seven (Rensing et al., 2012), while the extant
chromosome number of P. patens is n = 27 (Reski et al.,
1994), suggesting two ancestral WGD events (Rensing
et al., 2007, 2012). Using the novel pseudochromosome
structure, Ks-based analyses support two WGDs dating
back to 27–35 and 40–48 Ma (Figure 5), respectively (cf.
supplementary material IV.). Given the detected synteny,
the most parsimonious explanation for the extant chromo-
some number is the duplication of seven ancestral chro-
mosomes in WGD1, followed by one chromosomal loss
and one fusion event during the subsequent haploidiza-
tion. In WGD2 the 12 chromosomes would have duplicated
again, followed by five breaks and two fusions, leading to
27 modern chromosomes. The Ks values of the above-
mentioned structure-based peaks (Figure 5) fall approxi-
mately between 0.5–0.65 (younger WGD2) and 0.75–0.9
(older WGD1). The structural and Ks information can be
used to trace those genes that were present in the ances-
tral (pre-WGD) karyotype and have since been retained
(Figure S37 and File S3). In total, 484 genes can be traced
to the pre-WGD1 karyotype (denoted ancestor 7), and 3112
genes to the pre-WGD2 karyotype (ancestor 12). GO bias
analysis of the ancestor 7 genes shows over-representation
of many genes involved in regulation of transcription and
metabolism (Figure S38). This accords with previous evi-
dence that metabolic genes were preferentially retained
after the P. patens WGD (Rensing et al., 2007), and with
the trend that genes involved in transcriptional regulation
are preferentially retained after plant WGDs (De Bodt et al.,
2005).
WGDs are common in mosses, but not in other
bryophytes. Detecting WGD events using paranome-
based Ks distributions is notoriously difficult (Vekemans
et al., 2012; Vanneste et al., 2014). Here we compared sev-
eral methods for deconvolution of such distributions and
found that a mixture model based on log-transformed val-
ues was able to detect four potential WGDs (Figure S39),
including the two that we observed based on the pseu-
dochromosomal structure (Figure 5). By excluding very
young/low and very old/high Ks ranges, we restricted the
data to the two structure-based events. Using low band-
width (smoothing) we find that such methodology is able
to detect relatively young WGDs with a clear signature
(Figure S39(e, f)), whereas overlapping distributions (here
the older WGD1) are hinted at via significant changes in
the distribution curve at higher bandwidth settings (Fig-
ure S39(i, j); cf. Experimental Procedures and Appendix S1
Supplementary Material IV/2 for details). We applied this
paranome-based WGD prediction to transcriptome data
obtained from the onekp project (www.onekp.com) on 41
moss, 7 hornwort and 28 liverwort datasets and overlaid
them with a molecular clock tree (Figures S40–S42) (New-
ton et al., 2006). For 24 of the moss samples at least one
WGD signature was supported. For four out of these 24
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moss datasets, mixture model components were merged
into one WGD signature with the possibility of additional
hidden WGD signatures. Among these species is Physco-
mitrium sp. which is a close relative of P. patens; shared
WGD events are in accordance with previous studies (Beike
et al., 2014). The three Sphagnum species show overlap
and significant gradient change support for a young WGD
event and in Sphagnum lescurii also significant support
for an older WGD event, supporting a recent report (Devos
et al., 2016). While only a chromosome-scale assembly
would be able to detect WGD events with high confidence,
we note that evidence of WGDs is not detected in any of
the liverwort and hornwort datasets, while the majority of
moss lineages appears to have been subject to ancient
WGDs. In contrast with mosses (Rensing et al., 2012; Szo-
venyi et al., 2014), most liverworts and are known for low
levels of neopolyploidy and endopolyploidy with rather
constant chromosome numbers within each lineage (Bai-
nard et al., 2013). The three-fold fluctuations in genome
size in nested hornwort lineages without a chromosomal
change (Bainard and Villarreal, 2013) is thus most likely
due to variable TE content. The karyotype evolution of P.
patens can thus be considered as typical for moss gen-
omes, but probably different from the genomes of horn-
worts and liverworts. While we do not know why mosses
might be more prone to fixation of genome duplications
than other bryophytes, the associated paralog acquisition
and retention might be a foundation for the relative spe-
cies richness of mosses (Rensing, 2014; Rensing et al.,
2016; Van de Peer et al., 2017).
Ancient colinearity reveals conserved plant-specific func-
tions. Have gene orders been conserved since the last
common ancestor of land plants (LAP)? Colinearity analy-
ses with 30 other plant genomes (cf. Experimental Proce-
dures and Appendix S1 Supplementary Material IV/3)
revealed 180 colinear regions, harbouring around 1700
genes. P. patens chromosomes contain 0.5–10 of these
genes per Mbp (Figure S43), most chromosomes hence
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Figure 5. Evolutionary scenario leading to the modern P. patens genome.
(a) Ks distribution (y-axis) of paralogous pairs (x-axis) inherited from two (blue for older and red for more recent) WGD events.
(b) Dotplot representation of the paralogous pairs belonging to two WGD events.
(c) Karyotype evolution of the P. patens genome from an n = 7 ancestor through two WGDs. The modern P. patens genome is illustrated as a mosaic of
coloured chromosomal blocks highlighting chromosome ancestry.
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random expectation. Chromosomes 1, 8, 11, 14, 16 and 27,
however, contain significantly more ancient colinear genes
than expected (q < 0.05, Fisher’s exact test; File S3). GO
bias analyses revealed that chromosome 8 is enriched for
genes encoding functions for plant cell and tissue growth
and development (Figure S44). Surprisingly, several
hundred genes are present in colinear regions that involve
5–21 other species. Moreover, 17 of these regions showed
elevated levels of gene co-expression (P < 0.05, permuta-
tion statistics; File S3), indicating potential co-regulation of
neighboring genes, thus corroborating the existence of
conserved plant regulons (Van de Velde et al., 2016)
or genomic regions exposed similarly to the transcriptional
machinery. GO bias analyses of these ancient syntenic
genes demonstrate that they are involved in land plant-
specific cell growth and tissue organization (Figure S45),
akin to chromosome 8. Apparently, genes encoded in the
LAP genome that enabled the distinct cell and tissue orga-
nization of land plants have been retained as colinear
blocks throughout land plant evolution. In total, 10 genes
on chromosome 7 can be traced back to chromosome 4 of
ancestor 12 (pre-WGD2), and to chromosome 2 of ancestor
7 (pre-WGD1). GO bias of chromosome 7 (Figure S46) fur-
ther supports the notion that genes enabling plant-specific
development have been conserved since the LAP.
CONCLUSIONS
Our analyses show that the genome of the model moss is
organized differently from seed plant genomes. In particu-
lar, no central TE-rich and distal gene-rich chromosomal
areas are detected, and centromeres are potentially marked
by a subclass of Copia elements. There is evidence for acti-
vation of TE and viral elements during the life cycle of P.
patens that might be related to its haploid-dominant life
style and motile gametes. Surprisingly, syntenic blocks
harboring genes involved in plant-specific cell organization
were conserved for ca. 500 Ma of land plant evolution.
Chromosome-scale assemblies of other non-seed plants
will be needed in order to understand how plant genomes
from diverse lineages evolve, and to determine whether
the genomes of haploid-dominant plants are generally dif-
ferent from those of seed plants.
EXPERIMENTAL PROCEDURES
Sequencing and assembly
We sequenced Physcomitrella patens Gransden 2004 using a
whole genome shotgun sequencing strategy. Most sequencing
reads were collected with standard Sanger sequencing protocols
on ABI 3730XL capillary sequencing machines at the Department
of Energy Joint Genome Institute in Walnut Creek, California, USA
(http://www.jgi.doe.gov/sequencing/protocols/prots_production.
html) as previously reported (Rensing et al., 2008). BAC end
sequences were collected using standard protocols at the
HudsonAlpha Institute in Huntsville, Alabama, USA. The sequenc-
ing (see Table S1) consisted of two libraries of 3 kbp (4.01x), 3
libraries of 8 kbp (4.58x), four fosmid libraries (0.43x), and two
BAC libraries (0.22x) on the Sanger platform for a total of 9.25x
Sanger based coverage. In total, 7 572 652 sequence reads (9.25x
assembled sequence coverage, see Table S1 for library size sum-
mary) were assembled using our modified version of Arachne
v.20071016 (Jaffe et al., 2003) with parameters correct1_passes=0
maxcliq1 = 140 BINGE_AND_PURGE=True max_bad_look=2000
(see Table S2 for overall scaffold and contigs statistics). This pro-
duced a raw assembly consisting of 1469 scaffolds (4485 contigs)
totaling 475.8 Mb of sequence, with a scaffold N50 of 2.8 Mb, 271
scaffolds larger than 100 kbp (464.3 Mb). Scaffolds were screened
against bacterial proteins, organellar sequences and the GenBank
‘nr’ database, and removed if found to be a contaminant. Addi-
tional scaffolds were removed if they were: (i) scaffolds smaller
than 50 kbp consisting of >95% 24-mers that occurred four other
times in scaffolds larger than 50 kbp; (ii) contained only unan-
chored RNA sequences; (iii) were less than 1 kbp in length; or (iv)
contaminated. Post-screening, we integrated the resulting
sequence with the genetic map reported here (3712 markers), and
BAC/fosmid paired end link support. An additional map (9080
markers) was developed for chromosome 16 that resolved order-
ing problems present in the original map, and was used for the
integration of chromosome 16. The integrated assembly was
screened for contamination to produce a pseudomolecule refer-
ence covering 27 nuclear chromosomes. The pseudomolecules
include 462.3 Mb of base pairs, an additional 351 unplaced scaf-
folds consist of 4.9 Mb of unanchored sequence. The total release
includes 467.1 Mb of sequence assembled into 3077 contigs with
a contig N50 of 464.9 kbp and an N content of 1.5%. Chromosome
numbers were assigned according to the physical length of each
linkage group (1 = largest and 27 = smallest).
Genetic mapping
In order to assign the sequenced scaffolds representing the
release version V1.2 Physcomitrella genome sequence to chromo-
somes, we used a genetic mapping approach based on high-den-
sity SNP markers. SNP loci between the Gransden 2004 (‘Gd’) and
genetically divergent Villersexel K3 (‘Vx’) genotype were identified
by Illumina sequencing (100 bp end reads; Illumina GAII) of the Vx
accession. The sequence data have been deposited in the NCBI
Sequence Read Archive as accessions SRX037761 (two Illumina
Genome Analyzer II runs: 176.1 M spots, 26.8 G bases, 93.4 Gb
downloads) and SRX030894 (three Illumina Genome Analyzer II
runs: 277.9 M spots, 42.2 G bases, 56 Gb downloads). SNPs for
linkage mapping were selected for the construction of an Illumina
Infinium bead array for the GoldenGate genotyping platform,
based on their distribution across the 1921 scaffolds representing
the V1.2 genome sequence assembly, with an average physical
distance between SNP loci of ca. 110 kbp. Segregants of a map-
ping population [539 progeny from Gd9Vx crosses: (Kamisugi
et al., 2008)] were genotyped at 5542 loci to construct a linkage
map using JoinMap 4.0 (Van Ooijen JW, 2006, Kyazma B.V.,
Wageningen, The Netherlands), with a minimum independence
LOD threshold of 22, a recombination threshold of 0.4, a ripple
value of 1, a jump threshold of 5 and Haldane’s mapping function.
Of the 5542 SNPs, 4220 loci were represented in the final map.
The map contained 27 linkage groups, covering 5432.9 cM. Map
lengths were calculated using two methods: one in which L (total
map length) = Σ [(linkage group length) + 2 (linkage group length/
no. markers)] (Fishman et al., 2001) and one in which L = Σ[(link-
age group length (no. markers + 1)/(no. markers  1)] (Chakravarti
et al., 1991). The map corresponded to 467 985 895 bp distributed
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across the previously predicted 27 P. patens chromosome
(Table S3). Chromosome numbers were assigned according to the
overall physical length of each linkage group (1 = largest and
27 = smallest).
Pseudochromosome construction
The combination of the existing genetic map (4220 markers), and
BAC/fosmid paired end link support was used to identify 12 mis-
joins in the overall assembly. Misjoins were identified as linkage
group discontiguity coincident with an area of low BAC/fosmid
coverage. In total, 12 breaks were executed, and 295 scaffolds
were oriented, ordered and joined using 268 joins to form the final
assembly containing 27 pseudomolecule chromosomes, capturing
462.3 Mb (98.97%) of the assembled sequence. Each chromosome
join is padded with 10 000 Ns. The final assembly contains 378
scaffolds (3077 contigs) that cover 467.1 Mb of the genome with a
contig L50 of 464.9 kbp and a scaffold L50 of 17.4 Mb.
Completeness of the euchromatic portion of the genome
assembly was assessed using 35 940 full-length cDNAs. The aim
of this analysis was to obtain a measure of completeness of the
assembly, rather than a comprehensive examination of gene
space. The cDNAs were aligned to the assembly using BLAT
(Kent, 2002); Parameters: t=dna q=rna extendThroughN, and
alignments ≥90% bp identity and ≥85% coverage were retained.
The screened alignments indicate that 34 984 (97.3%) of the
FLcDNAs aligned to the assembly. The ESTs that failed to align
were checked against the NCBI nucleotide repository (nr), and a
large fraction was found to be prokaryotic in origin. Significant
telomeric sequence was identified using the TTTAGGG repeat,
and care was taken to make sure that it was properly oriented in
the production assembly. Plots of the marker placements for the
27 chromosomes are shown in File S2. For contamination screen-
ing, further assessment of assembly accuracy and organellar gen-
omes please refer to Appendix 1, Supplementary Material,
Section I.
Mapping of the v1.6 genome annotation
Gene models of the v1.6 annotation (Zimmer et al., 2013) were
mapped against the V3 assembly using GenomeThreader
(Gremme et al., 2005) and resulting spliced alignments were fil-
tered and classified for consistency with the original gene struc-
tures. 93.9% of the 38 357 v1.6 transcripts could be mapped with
unaltered gene structure. This comprised 29 371 loci (91.4% of the
v1.6 loci). The majority of the unmappable v1.6 models repre-
sented previously unidentified bacterial or human contaminations
in the V1 assembly (492 loci). Nevertheless, 49 loci with expres-
sion evidences remained unmappable in the current assembly.
The mapped annotation is made available via the cosmoss.org
genome browser and under the download section.
Generation of the v3.1 genome annotation
All available RNA-seq libraries (File S3 and Table S10) were
mapped to the V3 assembly using TopHat (Trapnell et al., 2009).
Based on a manually curated set of cosmoss.org reference genes
(Zimmer et al., 2013), libraries and resulting splice junctions were
filtered to enrich evidence from mature mRNAs. Sanger and 454
EST evidence used in the generation of the v1.6 annotation was
mapped using GenomeThreader. The resulting splice junctions
and exonic features were used as extrinsinc evidences to train
several gene finders, which were evaluated using the cosmoss.org
reference gene set. Based on this evaluation, five predictive mod-
els derived with EuGene (Foissac et al., 2003) resulting from
different parameter combinations, including the original model
used to predict v1.6, were retained for genome-wide predictions.
RNA-seq libraries were assembled into virtual transcripts using
Trinity (Grabherr et al., 2011). The resulting 1 702 106 assembled
transcripts with a mean length of 1219 bp were polyA trimmed
using seqclean (part of the PASA software), of which 96% could
be mapped against the V3 genome using GenomeThreader.
Together with the 454 and Sanger ESTs 2 755 148 transcript
sequences were used as partial cDNA evidence in the PASA soft-
ware to derive 266 051 assemblies falling in 68 382 subclusters.
For these, transdecoder was trained and employed to call open
reading frames based on PFAM (Finn et al., 2016) domain evi-
dence. Gene models from transdecoder, EuGene and the JGI V3.0
predictions were combined and evaluated using the eval software
(Keibler and Brent, 2003) on the reference gene set. Based on the
resulting gene and exon sensitivity and specificity scores a rank-
based weight was inferred (Table S9), which was used to infer
combined CDS models using EVidenceModeler, resulting in a
gene sensitivity/specificity of 0.76/0.76 and an exon sensitivity/
specificity of 0.93/0.98. For these combined CDS features, UTR
regions were annotated using PASA in six iterations. All transcript
evidence and alternative gene models are available via tracks in
the cosmoss.org genome browser. From the resulting set of gene
models, protein-coding gene loci and representative isoforms
were inferred using a custom R script implementing a multiple
feature weighting scheme that employed information about CDS
orientation, proteomic, sequence similarity and expression evi-
dence support, feature overlaps, contained repeats, UTR-introns
and UTR lengths of the gene models in a Machine Learning-
guided approach. This approach was optimized and trained based
on a manually curated training set in order to ideally select the
functional, evolutionary conserved ‘major’ isoform for each pro-
tein-coding gene locus. The v3.1 annotation comprises only the
‘major’ (indicated by the isoform index 1 in the CGI), while v3.3
also includes other splice variants with isoform indices >1.
Availability of gene models and additional data
The analyses in this publication rely on the structural annotation
v3.1. Subsequently, this release was merged with the phytozome-
generated release v3.2, leading to the current release v3.3 which is
available from http://cosmoss.org and https://phytozome.jgi.d
oe.gov/. Both v3.1 and v3.3 are available in CoGe (https://genome
volution.org/coge/GenomeView.pl?gid=33928), and v1.6 and v1.2
can be loaded as tracks for backward compatibility. Available
experiment tracks can be downloaded and are listed in Table S12.
Organellar genomes are also available at CoGe under the id 35274
(chloroplast) and 35275 (mitochondrion). For gene annotation ver-
sion 3.2/3.3, locus naming, non-protein coding genes and func-
tional annotation refer to Appendix S1, Supplementary Material,
Section II. Annotations v3.1 and v3.3 are available in File S1, includ-
ing a lookup of gene names for versions 3.3, 3.1, 1.6, 1.2 and 1.1.
This Whole Genome Shotgun project has been deposited at DDBJ/
ENA/GenBank under the accession ABEU00000000. The version
described in this paper is version ABEU02000000.
Cytological analyses. The chromosome arrangement during
mitotic metaphase as well as the punctate labelling at pericen-
tromeric regions after immunolabelling with a pericentromere-spe-
cific antibody against H3S28ph (Gernand et al., 2003) indicate a
monocentric chromosome structure in P. patens (Figure S5). Fur-
thermore, many plant genomes, as for example A. thaliana (Fuchs
et al., 2006), are organized in well defined heterochromatic pericen-
tromeric regions, decorated with typical heterochromatic marks
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(H3K9me1, H3K27me1) and gene-rich regions presenting the typical
euchromatic marks (H3K4me2). By contrast, immunostaining exper-
iments with antibodies against these marks label the entire chro-
matin of flow-sorted interphase P. patens nuclei homogeneously
(Figure 3(b)). Obviously, P. patens nuclei are thus characterized by a
uniform distribution of euchromatin and heterochromatin.
Transposon and repeat detection and annotation
TRharvest (Ellinghaus et al., 2008) which scans the genome for
LTR-RT specific structural hallmarks (like long terminal repeats,
tRNA cognate primer binding sites and target site duplications)
was used to identify full length LTR-RTs. The input sequences
comprised the 27 pseudochromosomes plus all genomic scaffolds
with a length of ≥10 kbp together with a non-redundant set of 183
P. patens tRNAs, identified beforehand via tRNA scan (Lowe and
Eddy, 1997). The used parameter settings of LTRharvest were:
‘overlaps best -seed 30 -minlenltr 100 -maxlenltr 2000 -mindistltr
3000 -maxdistltr 25000 -similar 85 -mintsd 4 -maxtsd 20 -motif tgca
-motifmis 1 -vic 60 -xdrop 5 -mat 2 -mis -2 -ins -3 -del -3’. All of the
resulting 9290 candidate sequences were annotated for PfamA
domains with hmmer3 (http://hmmer.org/) and stringently filtered
for false positives by several criteria, the main ones being the pres-
ence of at least one typical retrotransposon domain (e.g. RT, RH,
INT, GAG) and a tandem repeat content below 25%. The filtering
steps led to a final set of 2785 high confident full-length LTR RTs.
Transposons were annotated by RepeatMasker (Smit et al., 1996)
against a custom-built repeat library (Spannagl et al., 2016) which
included P. patens specific full length LTR-retrotransposons.
Repetitive elements have also been annotated de novo with the
REPET package (v2.2). The TEdenovo pipeline from REPET (Flutre
et al., 2011) was launched on the contigs of size >350 kbp in the
v3 assembly (representing approximately 310 Mb, gaps excluded)
to build a library of consensus sequences representative of repeti-
tive elements. Consensus sequences were built if at least five sim-
ilar hits were detected in the sub-genome. Each consensus was
classified with PASTEC (Hoede et al., 2014) followed by semi-man-
ual curation. The library was used for a first genome annotation
with the TEannot pipeline (Quesneville et al., 2005) from REPET to
select the consensus sequences that are present for at least one
full length copy (n = 349). Each selected consensus was then used
to perform final genome annotation with TEannot with default set-
tings (BLASTER sensitivity set to 2). The REPET annotations
absent from the mipsREdat annotation were added to the latter to
build the final repeat annotation. Tandem repeats Finder (Benson,
1999) was launched with the following suite of parameters: 2 7 7
80 10 50 2000. The putative centromeric repeat previously identi-
fied through tandem repeats analysis (Melters et al., 2013) was
compared with the whole V3 assembly using RepeatMasker (Smit
et al., 1996) with default settings (filter divergence <20%). Besides
Copy and Gypsy-type elements (see main text), other types of
TEs, including LINEs and Class II (DNA transposon) elements,
appear at very low frequency (0.1% each). Simple sequence
repeats represent only 2% of the assembly. For TE phylogenetic,
age and expression analyses as well as NCLDV analyses refer to
Appendix S1, Supplementary Material, Section III.
ChIP-seq data
Published CHIP-seq data (Widiez et al., 2014) for P. patens were
re-analysed by mapping read libraries against the P. patens V3.0
genome sequence. Briefly, the FASTA and QUAL files were con-
verted into FASTQ data files, which were aligned against the P.
patens v3.0 genome using BWA v0.5.9 (Li and Durbin, 2010),
employing a seed length of 25, allowing a maximum of two
mismatches on the seed and a total maximum of 10 mismatches
between the reference and the reads. In order to avoid redun-
dancy problems, all reads that were mapped to more than one
genomic locus were omitted as already applied elsewhere
(Zemach et al., 2010; Stroud et al., 2012). SAM files were con-
verted into BED files using an in-house Python script.
Identification of histone-modified enriched regions
For the identification of the histone-modified enriched regions
(peaks) the software MACS2 v2.0.10 (Zhang et al., 2008; Feng
et al., 2012) with parameters tuned for histone modification data
was used. The parameters used were ‘no model’, shift size set as
‘sonication fragment size’, ‘no lambda’, ‘broad’, bandwidth 300
following the developer’s instructions, fold change between 5 and
50 and q-value 0.01. As control for the peak identification the com-
bination of Input-DNA and Mock-IP of the corresponding tissues
was used as in Widiez et al. (2014). The number of identified
peaks per tissue and histone mark is shown in Table S17.
Extension of unannotated genomic regions
For several gene models in the P. patens v3.1 genome annota-
tion the prediction of UTR regions (either 50 or 30) failed. In total
there are 9769 genes lacking the 50-UTR and 11 385 genes lack-
ing the 30-UTR. Additionally, gene promoters are also unanno-
tated. Using an approach already used in (Widiez et al., 2014),
UTRs and promoters were assigned to gene models. In brief, a
Python script was implemented that takes as input any valid
GFF3 file and: (i) creates UTR regions of 300 bp for genes lacking
either one or both of them; and (ii) creates potential promoter
regions of 1500 bp upstream and downstream of each gene in
the file. In the case that the space between the gene and the
next element is not wide enough for the extension of the gene
model by 300 bp, the new UTR region is shrunk to the available
space. In the case that two consecutive genes have to be
extended and the space between them is less than 2 9 300 bp
the new UTRs are assigned half the space between the two
genes. For the assignment of promoters the same rules apply. In
no case is an element created that overlaps with existing ele-
ments of the annotation file used as input.
Filtering for expressed genes
Based on all the available JGI gene atlas (http://jgi.doe.gov/our-
science/science-programs/plant-genomics/plant-flagship-genome
s/) RNA-seq data downloaded from Phytozome (File S3), we fil-
tered for genes that had a certain minimal RPKM value in at
least one condition. At RPKM 2, 20 274 genes are expressed, at
RPKM 4 18 281 genes. The RPKM cutoff of four was based on
quantitative real-time PCR (qRT-PCR) results of a recent microar-
ray transcriptome atlas study (Ortiz-Ramirez et al., 2015), in
which genes with this expression level were reliably detected by
qPCR.
BS-seq data: plant material and culture conditions
Physcomitrella patens accession Gransden was grown in 9-cm
Petri dishes on 0.9% agar solidified minimal (Knop’s) medium.
Cultures were grown under the following experimental conditions:
16 h/8 h light/dark cycle, 70 lmol sec1 m2, for 6 weeks at 22°C/
19°C day/night temperature following 8 h/16 h light/dark cycle,
20 lmol sec1 m2, for 7 weeks at 16°C/16°C day/night tempera-
ture. Adult gametophores were harvested after 13 weeks and DNA
was isolated according to Dellaporta et al. (1983) with minor mod-
ifications (Hiss et al., 2017).
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Bisulfite conversion, library preparation and sequencing
Bisulfite conversion and library preparation was conducted by
BGI-Shenzen, Shenzen, China according to the following proce-
dure: DNA was fragmented to 100–300 bp by sonication, followed
by blunt end DNA repair adding 30-end dA overhang and adapter
ligation. The ZYMO EZ DNA Methylation-Gold kit was used for
bisulfite conversion and after desalting and size selection a PCR
amplification step was conducted. After an additional size selec-
tion step the qualified library was sequenced using an Illumina
GAII instrument according to manufacturer instructions resulting
in 66 108 645 paired end reads of 90 bp length.
Processing of BS-seq reads
Trimmomatic v0.32 (Bolger et al., 2014) was used to clean adapter
sequences, to trim and to quality-filter the reads using the follow-
ing options: ILLUMINACLIP:TruSeq3-PE-2.fa:2:30:10 SLIDINGWIN-
DOW:4:5 TRAILING:3 MINLEN:35 resulting in cleaned paired-end
and orphan single-end reads. Further, the paired-end and single-
end reads were mapped with Bismark v0.14 (Krueger and Andrews,
2011) against P. patens chloroplast (NC_005087.1) and mitochon-
drion (NC_007945.1) sequences using the –non_directional option
due to the nature of the library. After mapping the remaining sin-
gle-end and paired-end reads with Bismark v0.14 separately
against the genome of P. patens both SAM alignment files were
sorted and merged with samtools v0.1.19 (Li et al., 2009) and dedu-
plicated with the deduplicate_bismark program of Bismark v0.14.
To call methylation levels for the different cytosine contexts (CG,
CHG, CHH), deduplicated SAM files and the R package methylkit
(Akalin et al., 2012) were used, only considering sites with a cover-
age of at least nine reads and a minimal mapping quality of 20.
Gene- and TE-body methylation
Gene- and TE-body methylation levels were calculated for individ-
ual cytosine contexts (CG, CHG, CHH). For each gene and TE, all
annotated feature regions (promoter, 50-UTR, CDS, intron, 30-UTR,
TE-fragment) were combined and divided into 10 quartiles. For
each quartile the mean methylation level (CG, CHG, CHH) was cal-
culated and the average, 5% and 95% distribution per quartile and
feature type were plotted. For the TE-body methylation plots TEs
were further subdivided into TE-groups. For gene body methyla-
tion (GBM) analysis positions were filtered according to ≥90% of
the reads showing methylation. Distribution of affected genes
over the three different contexts was analysed with Venny (Fig-
ure S29; http://bioinfogp.cnb.csic.es/tools/venny/) and visualized
via a stacked column diagram (Figure S30). Genes were grouped
by RPKM value (0;>0 < 2;≥2) and compared with regard to GC and
methylation content (Table S18).
Read mapping and variant calling
Genomic DNA sequencing data for P. patens accessions Reute
(SRP068341), Villersexel (SRX030894) and Kaskaskia (SRP091316)
are available from the NCBI Sequence Read Archive (SRA). The
libraries were trimmed for adapters and quality filtered using trim-
momatic v32 (Bolger et al., 2014) applying the following parame-
ters: -phred33 ILLUMINACLIP:TruSeq3-PE-2.fa:2:30:8:5
SLIDINGWINDOW:4:15 TRAILING:15 MINLEN:35. After trimming,
the single-end and paired-end reads were initially mapped to the
chloroplast genome (NC_005087.1), the mitochondrial genome
(NC_007945.1) and ribosomal DNAs (HM751653.1, X80986.1,
X98013.1) using GSNAP v2014-10-22 (Wu et al., 2016) with default
parameters. The remaining unmapped single-end and paired-end
reads were used for reference mapping using GSNAP with default
parameters and both resulting SAM alignment files were sorted
and merged with samtools v0.1.19 (Li et al., 2009). Duplicated
reads were further removed with rmdup from samtools to account
for potential PCR artifacts. GATK tools v3.3.0 (McKenna et al.,
2010) were used for SNP calling as recommended by the Broad
institute for species without a reference SNP database including
the ‘ploidy 1’ option for the first and second haplotype calling step.
SNP validation
Called SNPs of the accession Villersexel were validated by com-
paring them to the Illumina Infinium bead array dataset (File S3)
used for map construction (see Map construction method section).
The 4650 bead array probes were mapped to the genome using
GSNAP (Wu et al., 2016) and SNPs were called using mpileup and
bcftools. In total, 4628 SNPs could be unequivocally mapped, out
of those 4466 (96%) were also called as SNPs in the gDNA-seq
based Villersexel GSNAP/GATK dataset. Thus, the vast majority of
SNPs called based on deep sequence data could be independently
confirmed (File S3).
SNP divergence estimates
To obtain window-wise (100 kbp non-overlapping windows)
nucleotide diversity pi and Tajima’s D values, a ‘pseudogenome’
was constructed for each accession using a custom python script.
In brief, based on the VCF file output generated by GATK all given
variants were reduced to SNPs and InDels and for each accession
(Kaskaskia, Reute and Villersexel) the corresponding reference
sequence was substituted with the ALT allele at the given posi-
tions. These ‘pseudogenome’ FASTA files were additionally
masked for all sites which had a read coverage <5 which might
lead to erroneous SNP calling. The masked ‘pseudogenome’
FASTA files were further converted into PHYLIP format and used
as input for Variscan v2.0 (Hutter et al., 2006), settings
‘RunMode = 12’, ‘Sliding Window = 1; WidthSW = 100 000;
JumpSW = 100 000; WindowType = 0’ and excluding alignment
gaps via ‘CompleteDeletion = 1’ (Figure S32).
SNP accumulation detection
Window-wise (50 kbp with 10 kbp overlap) SNP numbers were
extracted from the ‘pseudogenome’ FASTA files by a custom R
script. The R functions fisher.test and p.adjust (method = ‘
were used to select fragments that show a significantly (adjusted
P-value <0.01) higher SNP number than the chromosome average.
A region of accumulated SNPs (hotspot) was called if at least five
adjacent fragments showed a significantly higher SNP number
(Tables S20–S22 and Figure S33).
Structure-based ancestral genome reconstruction and
associated karyotype evolutionary model
The P. patens genome was self-aligned to identify duplicated gene
pairs following the methodology previously described (Salse
et al., 2009). Briefly, gene pairs are identified based on blastp
alignment using CIP (cumulative identity percentage) and CALP
(cumulative alignment length percentage) filtering parameters
with respectively 50% and 50%. Ks (rate of synonymous substitu-
tions) distribution of the identified pairs unveiled two peaks illumi-
nating two WGDs, one older and one more recent, included
between Ks 0.75–0.9 (WGD1) and 0.5–0.65 (WGD2).
We performed a classical dating procedure of the two WGD
events based on the observed sequence divergence, taking into
account the Ks ranges between 0.75–0.9 and 0.5–0.65 and a mean
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substitution rate (r) of 9.4 9 109 substitutions per synonymous
site per year (Rensing et al., 2007). The time (T) since gene inser-
tion is thus estimated using the formula T = Ks/2r.
Mapping of the identified gene pairs on the P. patens chromo-
somes defines seven independent (non-overlapping) groups (or
CARs for Contiguous Ancestral Regions) of four duplicated regions
(representing two rounds of WGDs; Figure S37). Based on the
seven CARs identified, we determined the most likely evolutionary
scenario based on the assumption that the proposed evolutionary
history involves the smallest number of shuffling operations (in-
cluding inversions, deletions, fusions, fissions, translocations) that
could account for the transition from the reconstructed ancestral
genome to modern karyotype (Salse, 2012). The ancestor 7 and 12
genes were mapped to the extant chromosomes and visualized as
circular plots (Figure S37). These two ancestors (7 and 12) corre-
spond respectively to the pre-WGD1 ancestor (quadruplicated by
WGD1 and WGD2 in the modern P. patens genome), and the pre-
WGD2 ancestor that is the result of the duplication of ancestor 7
(leading to ancestor 14) after one fusion and one chromosome loss
(duplicated by WGD2 in the modern P. patens genome).
Paranome-based WGD prediction
For species samples and Ks distribution calculation refer to
Appendix 1, Supplementary Material, Section IV. We employed
mixture modeling to find WGD signatures using the mclust v5.1 R
package to fit a mixture model of Gaussian distributions to the
raw Ks and log-transformed Ks distributions. All Ks values ≤0.1
were excluded for analysis to avoid the incorporation of allelic
and/or splice variants and to prevent the fitting of a component to
infinity (Schlueter et al., 2004; Vanneste et al., 2015), while Ks val-
ues >5.0 were removed because of Ks saturation. Further, only
WGD signatures were evaluated between the Ks range of 0.235
(12.5 Mya) to account for recently duplicated gene pairs to Ks of
2.0 to account for misleading mixture modeling above this upper
limit (Vanneste et al., 2014, 2015). Because model selection criteria
used to identify the optimal number of components in the mixture
model are prone to overfitting (Vekemans et al., 2012; Olsen et al.,
2016) we also used SiZer and SiCon (Chaudhuri and Marron, 1999;
Barker et al., 2008) as implemented in the feature v1.2.13 R pack-
age to distinguish components corresponding to WGD features at
a bandwidth of 0.0188, 0.047, 0.094 and 0.188 (corresponding 1,
2.5, 5 and 10 Mya) and a significance level of 0.05.
Deconvolution of the overlapping distributions that can be
derived from paranome-based Ks values without structural infor-
mation shows that using mixture model estimation based on
log-transformed Ks values mimics structure-based WGD predic-
tions better than using raw Ks values, resulting however in the
prediction of four WGD signatures (pbSIG1: 0.15–0.32; pbSIG2:
0.48–0.60; pbSIG3: 0.7–1.12; pbSIG4: 1.66–3.45; Figure S39(a, b)).
As WGD signature prediction based on paranome-based Ks val-
ues can be misleading and is prone to overprediction (Schlueter
et al., 2004; Vekemans et al., 2012; Vanneste et al., 2015; Olsen
et al., 2016) we only considered Ks distribution peaks in a range
of 0.235–2.0 as possible WGD signatures, thus excluding young
paralogs potentially derived from tandem or segmental duplica-
tion and those for which accurate dating cannot be achieved
due to high age. The paranome-based WGD signatures pbSIG2
(25–32 Ma) overlaps with the younger WGD2, and pbSIG3 (37–
60 Ma) overlaps with the older WGD1. Further testing for signifi-
cant gradient changes in the Ks distribution applying different
bandwidths showed that only pbSIG2 is detected as a significant
WGD signature (significance level 0.05; Figure S39(h)), whereas
pbSIG3 overlaps with a significant change of the Ks distribution
curve at a bandwidth of 0.047 but shows no significant gradient
change. These results show that even if one paranome-based
WGD signature can be found which perfectly overlaps with a
structure-based WGD signature (WGD1 and pbSIG3) it is still
hard to significantly distinguish it from the younger WGD signa-
tures (WGD2 and pbSIG2) which tend to collapse using higher
bandwidths (Figure S39(i, j)). Showing that log-transformed Ks
value mixture modeling at least can predict young WGD signa-
tures and can pinpoint older WGD signatures, we applied para-
nome-based WGD prediction to transcriptome data obtained
from the onekp project (www.onekp.com) on 41 moss samples,
7 hornwort samples and 28 liverwort samples and overlaid them
with an existing time tree (Figures S40–S42). After evaluating
the overlap of significant gradient changes on mixture model
components, for 24 out of 41 moss samples at least one WGD
signature was supported. For four out of these 24 moss samples
mixture model components were merged into one WGD signa-
ture with the possibility of additional hidden WGD signatures.
Among these samples is Physcomitrium sp. which belongs like
P. patens to the Funariaceae with WGD signatures 3 (0.43–0.66)
and 4 (0.80–1.07), overlapping with pbSIG2 and pbSIG3 from P.
patens and hinting at WGD events in Physcomitrium 23–35 Ma
and 43–57 Ma ago, respectively. For all liverwort samples and
almost all hornwort samples no single predicted WGD signature
was supported by three different bandwidth kernel densities. For
one hornwort, namely Megaceros flagellaris, one WGD signature
was supported by a significant gradient change (significance
level 0.05), which disappeared using a more stringent signifi-
cance level of 0.01 and represents more likely a mixture model
artifact than a true WGD signature.
Colinearity analyses
For set of species refer to Appendix S1, Supplementary Material,
Section IV. Initially, all chromosomes from all species were com-
pared against each other and significant colinear regions are
identified. To detect colinearity within and between species
i-ADHoRe 3.0 was used (Proost et al., 2012) with the following
settings: alignment_method gg2, gap_size 30, cluster_gap 35,
tandem gap 30, q_value 0.85, prob_cutoff 0.01, multiple_hypothe-
sis_correection FDR, anchor_points 5 and level_2_only false.
P. patens v3.1 genes were assigned to PLAZA 3.0 gene families
based on the family information for the best BLASTP match
(27 895 genes were assigned to 10 153 gene families). The pro-
file-based search approach of i-ADHoRe combines the gene con-
tent information of multiple homologous genomic regions and
therefore allows detection of highly degenerated though signifi-
cant genomic homology (Simillion et al., 2008). In total, 180
regions were found showing significant colinearity with genomes
from flowering plants (colinearity with green algal genomes was
not found), comprising 1717 genes involved in syntenic regions,
representing 660 unique conserved moss genes. Whereas 94/180
of the ultra-conserved colinear (UCC) regions showed genomic
homology with one other species, 45 UCC regions showed colin-
earity with five or more other plant genomes. One UCC region
(multiplicon 1440, File S3) grouped 27 genomic segments from
21 species showing colinearity, while 70% of the UCC regions
contained five or more conserved moss genes. Starting from the
V1 moss genome assembly, only 11/180 UCC regions were
recovered, demonstrating that the superior assembly V3 signifi-
cantly improves the detection of ancient genomic homology.
Mapping of the 660 UCC genes reveals their chromosomal loca-
tion (Figure S43). Co-expression analysis of neighboring UCC
genes was performed using the Pearson Correlation Coefficient
(PCC) on the JGI gene atlas data (File S3) and permutation
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statistics were used to identify UCC regions showing significant
levels of gene co-expression (i.e. based on 1000 iterations, in
how many cases was the expected median PCC for n randomly
selected genes larger than the observed median PCC for n UCC
genes).
We tested whether the actual number of genes detected to be
present in ancient colinear blocks deviated from the expected
number, if all genes were randomly distributed on the chromo-
somes. Chromosomes significantly deviating (Fisher’s exact test
and false discovery rate correction) are mentioned in the main text
and are shown in File S3 and Figure S43. Genes detected to be
derived from ancestor 7 and ancestor 12 karyotpyes can be traced
to extant chromosomes (File S3).
GO bias analyses and GO word cloud presentation
Analyses were conducted as described previously (Widiez et al.,
2014), using the GOstats R package and Fisher’s exact test with fdr
correction. Visualization of the GO terms was implemented using
word clouds via the http://www.wordle.net application. The weight
of the given terms was defined as the log10(q-values) and the col-
our scheme used for the visualization was red for under-represented
GO terms and green for those over-represented. Terms with stronger
representation, i.e. weight >4, were represented with darker colours.
Circos plots
For the integrative visualization of the individual genomic features
a karyotype ideogram was created and tracks were plotted with
CIRCOS v0.67-6 (Krzywinski et al., 2009). For each feature track it
is highlighted in the corresponding figure legend whether feature
raw counts/values were used for visualization or if chromosomes
were split into smaller windows (specifying the window size in
kbp and window overlaps/jumps in kbp) using the counts/values
window average for visualization. If indicated, feature counts/val-
ues window averages (cvwa) were normalized by scaling between
a range of 0 and 1 per chromosome using the following equation:
normalized window averagechrðcvwaichrÞ ¼
cvwaichr  cvwachrmin
cvwachmax  cvwachrmin
For normalized comparison of embryophyte chromosome struc-
ture refer to Appendix S1, Supplementary Material, Section III; for
phylostratigraphy analyses to Appendix S1, Supplementary Mate-
rial, Section IV.
Availability of data and material
The data reported in this paper are tabulated in Experimental Pro-
cedures and Supporting Information, are archived at the NCBI
SRA and have been made available using the comparative geno-
mics (CoGe) environment of CyVerse (cyverse.org) via https://ge
nomevolution.org/coge/GenomeView.pl?gid=33928. Novel data
presented with this study comprise Villersexel and Kaskaskia
genomic DNA (SRX037761, SRX030894, SRP091316), genomic
BAC end data (KS521087–KS697761), RNA-seq data (Table S6 and
File S3 – available from phytozome.org), CAP-capture and BS-seq
data (Table S10), and Goldengate SNP bead array data (File S3).
See also section Availability of gene models and additional data.
Requests for materials should be addressed to stefan.rens-
ing@biologie.uni-marburg.de.
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5.2 The Physcomitrella patens gene atlas project: large‐scale RNA‐seq based 
expression data 
 
The first comprehensive RNA-seq dataset this size for P. patens was generated in the JGI Gene Atlas 
project which resulted in a total of 99 RNA-seq samples derived from 34 experiments (Supporting 
information, 9.2.1 and 9.2.2). To increase the productivity of the RNA-seq analysis (time and assurance) 
and to standardize the methods, a highly efficient RNA-seq pipeline was developed (Figure 6 A, B) 
(Paper 5.2, page 170). The pipeline is flexible and can be applied to and used for many different 
organisms (Lanver et al., 2018). The huge number of RNA-seq samples and good sequencing quality 
opened the opportunity to detect over 28.500 v3.3 gene models. Never before has such a high number 
of v3.3 gene models been validated at once. Furthermore, this high number of detected gene models 
allowed for comparative genomics. Calling differentially expressed genes (DEGs) was one main step 
for the pipeline (Figure 6 B). Three DEG topics were focused: Stage-specific transcriptome (Paper 5.2, 
page 171f), the impact of ammonium supplementation on the protonemal liquid culture transcriptome 
(Paper 5.2, page 173), and intra- and inter-laboratory comparison (Paper 5.2, page 174f). Besides the 
pipeline and the DEG calling, other sections were reviewed. The currently published v3.3 gene models 
(Lang et al., 2018) were annotated and completed by their expression values. This table contains an 
early draft of the gene version lookup table (described in more details in the next publication) 
(https://onlinelibrary.wiley.com/action/downloadSupplement?doi=10.1111%2Ftpj.13940&file=tpj13
940-sup-0003-DataS1a.xlsx). The last presented section was the comparative analysis of RNA-seq and 
microarray-based DEGs. It was shown that the method established here can be used to compare RNA-
seq and microarray-based DEGs (Supporting information, 9.2.5) (Paper 5.2, page 179). 
Initial methods and tools to analyse the JGI Gene Atlas P. patens expression datasets were published 
in this paper. These methods are the basic scaffold of all my further RNA-seq analyses. 
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SUMMARY
High-throughput RNA sequencing (RNA-seq) has recently become the method of choice to define and ana-
lyze transcriptomes. For the model moss Physcomitrella patens, although this method has been used to
help analyze specific perturbations, no overall reference dataset has yet been established. In the framework
of the Gene Atlas project, the Joint Genome Institute selected P. patens as a flagship genome, opening the
way to generate the first comprehensive transcriptome dataset for this moss. The first round of sequencing
described here is composed of 99 independent libraries spanning 34 different developmental stages and
conditions. Upon dataset quality control and processing through read mapping, 28 509 of the 34 361 v3.3
gene models (83%) were detected to be expressed across the samples. Differentially expressed genes
(DEGs) were calculated across the dataset to permit perturbation comparisons between conditions. The
analysis of the three most distinct and abundant P. patens growth stages – protonema, gametophore and
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sporophyte – allowed us to define both general transcriptional patterns and stage-specific transcripts. As an
example of variation of physico-chemical growth conditions, we detail here the impact of ammonium sup-
plementation under standard growth conditions on the protonemal transcriptome. Finally, the cooperative
nature of this project allowed us to analyze inter-laboratory variation, as 13 different laboratories around
the world provided samples. We compare differences in the replication of experiments in a single laboratory
and between different laboratories.
Keywords: developmental stage, differential expression, Physcomitrella patens, RNA-seq, stress, transcrip-
tome analysis.
INTRODUCTION
Since the discovery of its intrinsically efficient gene target-
ing (Schaefer and Zr€yd, 1997), followed by its genome
sequencing (Rensing et al., 2008; Lang et al., 2018), the
moss Physcomitrella patens has become the leading refer-
ence non-seed plant model. It is now notably integrated in
studies focused on the water-to-land plant transition (e.g.
Renault et al., 2017) or the establishment of tri-dimensional
growth in plants (for a review, see Harrison, 2017), with
both fields of study integrating detailed investigation of
functional cell biology with kingdom-wide gene and gen-
ome comparison. As these multiple research fields grew,
so did their associated technical approaches. Amongst
them, RNA-seq (the deep sequencing of cDNA) is now
dominating the field of RNA detection and quantification at
the transcriptome level, replacing probe-based microarray
technology. Detailed knowledge of the transcriptome of a
given organism is being used to improve genome assem-
blies (Song et al., 2016), to better understand and describe
RNA splicing pattern (Gaidatzis et al., 2015) and to charac-
terize spatiotemporal transcriptome variation (expression
profiling), both with respect to development and environ-
mental perturbations.
In the green lineage, RNA-seq approaches to assess
transcriptome-wide patterns were initially used in models
such as Arabidopsis thaliana (Lister et al., 2008) or
Chlamydomonas reinhardtii (Gonzalez-Ballester et al.,
2010), followed by major crop plants such as maize
(maize; Eveland et al., 2010) and Oryza sativa (rice; Zhang
et al., 2010), for which a complete genome sequence was
available. Furthermore, the improvement of the de novo
assembly of transcriptomes allowed the use of this
approach to characterize transcriptomes in organisms
without available genome sequences (e.g. Cassia angusti-
folia; Rama Reddy et al., 2015), gaining knowledge of
both the raw sequence information and about biological
processes in species previously limited by the lack of a
genome. The most wide-spread de novo transcriptome
assembly effort so far is the 1KP project, covering more
than 1300 species of the green algae and the land plant
lineage with low RNA-seq sequencing coverage (Matasci
et al., 2014).
In non-seed plants, RNA-seq based transcriptomic stud-
ies have been reported in multiple species, both in parallel
with genome sequencing projects and via de novo analy-
sis. Besides P. patens (see below), transcriptomes of other
mosses have been published: Sphagnum spp. (Devos
et al., 2016), Bryum argenteum (Gao et al., 2014), Cer-
atodon purpureus (Sz€ovenyi et al., 2015), Funaria hygro-
metrica (Sz€ovenyi et al., 2011) or Syntrichia caninervis
(Gao et al., 2015). Published datasets are also available for
liverworts, including Pellia endiviifolia (Alaba et al., 2015)
and Marchantia polymorpha (Sharma et al., 2014), the gen-
ome of which has recently been published (Bowman et al.,
2017). The transcriptome of the lycophyte Selaginella
moellendorffii, for which a draft genome is available
(Banks et al., 2011), has also been subjected to extensive
RNA-seq study (Zhu et al., 2017). With large genomes,
ferns form a group with exclusively de novo transcriptome
datasets so far: e.g. Acrostichum spp., Ceratopteris thalic-
troides (Zhang et al., 2016), Ceratopteris richardii (Bushart
et al., 2013) and Lygopodium japonicum (Aya et al., 2015).
In P. patens, RNA-seq datasets have been released in
multiple experimental contexts, unfortunately with no sys-
tematic multiple experimental replications (for a review,
see Hiss et al., 2017). For example, the P. patens transcrip-
tome profile has been studied with respect to developmen-
tal stage (Xiao et al., 2011), in addition to stress treatments
including bleomycin (Kamisugi et al., 2016). Analysis of
heat-stress impact on alternative splicing has also bene-
fited from the RNA-seq approach (Chang et al., 2014).
Recently, transcriptomic responses to plant hormone treat-
ments with abscisic acid (Stevenson et al., 2016) and auxin
(Lavy et al., 2016) have been studied. Additionally, compar-
ative transcriptomic approaches have been applied to
mutant analysis (Chen et al., 2012; Demko et al., 2014), and
to analyze and catalogue small RNAs in P. patens (e.g.
Coruh et al., 2015; Lang et al., 2018).
The present study describes the first part of the
P. patens dataset of the US Department of Energy (DOE)
Joint Genome Institute (JGI) Gene Atlas Project (http://jgi.d
oe.gov/doe-jgi-plant-flagship-gene-atlas/). After reviewing
the dataset we focus on experimental comparisons,
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underscoring different aspects of such large-scale projects.
In terms of tissue-specific expression profiling, we show
the possibility of defining specific transcripts for the three
dominant life stages of P. patens: protonema, game-
tophore and sporophyte. We also tackle two aspects of
transcriptome comparison experiments. We evaluate the
impact of nitrogen supplementation in single-laboratory
settings and show here the power of such an approach.
Moreover, the diversity of the sample sources permitted us
to compare two experimental replica sets of the same
growing conditions performed by two different laborato-
ries to evaluate inter-laboratory replication.
RESULTS AND DISCUSSION
Overview of the dataset
The P. patens Gene Atlas dataset comprises 99 sequenced
libraries of 34 different experiments. All but three experi-
ments are composed of three biological replicates. For
experiments XIV, XVIII and XXII, one of the libraries failed
for technical reasons, hence they are formed of biological
duplicates. Thirteen laboratories actively working with
P. patens around the world contributed to the samples
described in Experimental procedures. The detailed
description of all samples and primary sequencing statis-
tics are presented in Tables S1 and S2. The sampling cov-
ers the three dominant P. patens stages, protonema (the
gametophytic two-dimensional filamentous stage emerg-
ing from the spore), gametophore (the gametophytic tridi-
mensional leafy shoot stage) and sporophyte (the
sporophytic tissue developing after sexual reproduction
that forms spores by meiosis). It must be noted that the
age of the protonema at harvest varies from 7 to 21 days.
As gametophore buds typically start to emerge after
7 days of growth, most of the protonemal samples are a
mixture of protonemal cells and gametophore cells (for
detailed harvesting times for each experiment, see
Table S2). With this time criteria, the samples VII, XI, XVIII,
XIX and XXI–XXIV are the only samples that are potentially
pure protonema. The sequencing output (raw sequenced
reads) was analyzed in silico using the standardized proce-
dure schematized in Figure 1. Overall, 4.2 billion raw reads
were generated, with each condition represented by 76–
150 million raw reads. A total of 99.02% of the reads were
mapped successfully to the genomes of P. patens (nuclear,
chloroplast and mitochondrial). Furthermore, 90.04% of the
reads mapped uniquely to the P. patens nuclear genome
V3, and were used for further data analyses. After map-
ping, 22 610–26 012 out of 34 361 gene models of the
P. patens v3.3 genome annotation, i.e. 65.8–75.7% of the
gene models, are observed with more than one read. All
conditions considered, more than 80% of all predicted
gene models are detected with more than one read. Subse-
quently, normalized counts (reads per kilobase of transcript
per million mapped reads, RPKM) were calculated for each
individual gene model (for the full RPKM dataset, see
Data S1).
A principal component analysis (PCA) performed with
the RPKM normalized counts of all libraries (Figure 2)
allows the detection of three major sample clusters. The
largest cluster (circled in red) is formed by the pro-
tonema and gametophore samples, regardless of the
perturbation (except ABA/drought). The second distinct
cluster comprises the six sporophytic samples (circled in
green). Finally, both ABA treatment and dehydrated/re-
hydrated gametophore samples form a third cluster (cir-
cled in blue), probably linked to water stress and its
Figure 1. RNA-seq data analysis.
Diagram illustrating the sequential RNA-seq data treatment from raw read
to differentially express genes (DEGs). For details, see Experimental proce-
dures.
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hormonal signal integrator, ABA. Biological replicates
should be tightly grouped, and for most replicates this
is the case (for example, see the triplicate of experi-
ment XIX in Figure 2, indicated by dotted ellipse a). Yet,
note that several triplicates are more scattered than
expected (for example, see the triplicate of experi-
ment XVI in Figure 2, inidicated by dotted ellipse b),
potentially making the comparison between experiments
challenging, particularly within some of the protonemal
treatments (red ellipse in Figure 2). Finally, to comple-
ment and confirm the expected experimental sample
clustering, we performed a hierarchical clustering of all
99 RNA-seq samples (Figure S1). Here, 95% of the repli-
cas grouped properly. The exception are restricted to
two groups of closely related samples (V and VIII; XII
and XIII) that form two clusters of six libraries, but do
not group by experiment. Also, the clustering of experi-
ment XI is scattered, suggesting a potential problem
with these samples.
The last computing step of our pipeline (Figure 1) was
the detection of differentially expressed genes (DEGs)
between experiments. The DEGs were called using a strict
consensus approach of three callers (for computational
details, see Experimental procedures). Overall, 50 relevant
experiment comparisons were generated (for a general
overview, see Table S3). The complete list of detected
DEGs is shown in Data S1, next to the individual RPKM
library counts. The highest number of DEGs were detected
in experiments associated with very strong perturbations,
such as: gametophore compared with dehydrated game-
tophore, with 9305 DEGs (experiment XIII compared with
XVII); protoplast compared with protonema, with 7746
DEGs (experiment VIII compared with IX); or protonema
compared with ABA-treated protonema, with 6940 DEGs
(experiment XIX compared with XVIIII). At the other
extreme, a few comparisons displayed a very limited num-
ber of DEGs. Of note, the comparison between dehydrated
and rehydrated gametophore showed only 10 DEGs (ex-
periment XIII compared with XII). The treatment itself is
not lethal and the gametophores begin to grow again after
the treatment; however, the 2 h of rehydration prior to har-
vesting is probably too short a time to generate significant
transcriptional changes. More puzzling is the detection of a
single DEG between the tissue treated with the strigolac-
tone analog G24 and its solvent control (experiment V
compared with XXXVIII). This 24-h treatment has been
shown to affect transcript accumulation and tissue mor-
phology in P. patens (Hoffmann et al., 2014; Decker et al.,
2017), as well as in angiosperms (in A. thaliana; Mashigu-
chi et al., 2009) and in Solanum lycopersicum (tomato;
Mayzlish-Gati et al., 2010), for example, indicating that the
assay may not have worked properly for this specific treat-
ment. On the other hand, the actual P. patens regulatory
network under strigolactone influence appears reduced in
size compared with those of other hormones (Waldie et al.,
2014), and the detection of specific transcript accumulation
variation upon strigolactone treatment is dependent on
light conditions during growth as well as on the endoge-
nous level of strigolactone (Lopez-Obando et al., 2016). In
this context it is possible that 3-week-old tissue could be
insensitive to strigolactone treatment. Compared with
most of the other comparisons with higher numbers of
DEGs, these two cases with almost no detected DEGs
show that near-perfect replication can be achieved with
such comparative experiments.
Stage-specific transcriptome
Protonema, gametophore and sporophyte are the three
dominant life stages of P. patens. We choose experi-
ments VII, XX and XV (Tables S1 and S2) as representative
of these tissues based on three criteria. First, all cultures
were performed on Knop medium. Second, the timing was
strictly controlled, particularly the harvesting time for pro-
tonema, which was at 7 days to ensure an absence of early
gametophore development. Finally, the protonemata were
visually checked for the absence of gametophores. To gain
an overview of the differences between the three most
abundant P. patens tissues, we performed a gene ontology
(GO) term enrichment analysis on the pairwise up- or
downregulated DEGs between these tissues (Data S1 for
Figure 2. Principal component analysis (PCA) of reads per kilobase of tran-
script per million mapped reads (RPKM) values for the 99 libraries of this
study.
Each dot represents one library. Dots for each experiment have the same
color. The red ellipse highlights most of the gametophore experiments. The
green ellipse highlights the sporophyte experiments. The blue ellipse indi-
cates strong stress experiments. Dotted ellipse a highlights an experiment
with tightly grouped triplicate results. Dotted ellipse b highlighte an experi-
ment with more loosely grouped triplicate results.
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DEG; Data S2 for GO term list). The most obvious detect-
able signals are differences in metabolism, as illustrated in
the word cloud in Figure S2. Foremost, the reduction in
photosynthetic activity in the sporophyte compared with
both protonema (Figure S2b) and gametophore (Fig-
ure S2d) is easily observable. The two most abundantly
enriched GO terms among DEGs of lower abundance in
sporophytic tissue, compared with both gametophytic tis-
sues, are identical: photosynthesis and photosynthesis
light reaction. Together with other terms directly linked to
photosynthesis, such as photosystem assembly, the gener-
ation of precursor metabolites and energy, or plastid orga-
nization, they dominate the term list associated with
downregulated transcripts in sporophytic tissue. The pro-
tonemata–sporophyte comparison complements and vali-
dates the previously observed pattern between
gametophore and sporophyte in P. patens (O’Donoghue
et al., 2013), and in another moss, Funaria hygrometrica
(Sz€ovenyi et al., 2011). This trend is in line with the known
nutritional dependency of the sporophyte on the game-
tophore.
The GO term analysis also detects the sporophyte-speci-
fic upregulation of a carbon consumption-related pathway,
which has been described previously in P. patens
(O’Donoghue et al., 2013). Compared with protonemata
and gametophore, carbohydrate metabolism is the most
over-represented term in the upregulated transcripts of the
sporophyte; however, the type of carbon use appears to
differ between the two comparisons. Terms associated
with fatty acid (metabolism, biosynthesis or general lipid
metabolism) characterize the difference between sporo-
phyte and protonema (Figure S2c), whereas terms associ-
ated with coumarin (biosynthesis and metabolism) are
abundant in the over-accumulated transcripts in sporo-
phyte as compared with gametophore (Figure S2d). Fur-
thermore, the term coumarin covers the biosynthesis of
the phenylpropanoids, a large group of secondary metabo-
lites with protective functions such as lignin precursors or
sporopollenin (Colpitts et al., 2011; Daku et al., 2016; Niklas
et al., 2017; de Vries et al., 2017), all of which are enriched
in or specific to sporophytes.
The dominant GO term enrichment between protone-
mata and gametophore is linked to carbon fixation and
use. Carbon metabolism is the most frequent GO term
associated with the upregulated transcripts in protonema
(Figure S2e). The nature of this 7-day-old tissue, young
cells dividing and expanding constantly, requires a carbon
conversion to cell wall compounds (e.g. the GO term exter-
nal encapsulating structure organization) that is not pre-
sent in most of the more mature cells of gametophores. At
the same time, GO terms associated with lipid, amino acid
and nucleic acid biosynthesis are linked to upregulated
protonemal DEGs, all indicating actively growing tissue.
Overall, a similar signal was detected previously (Xiao
et al., 2011) between 3-day-old and 14-day-old protonemal
culture. In contrast, GO terms associated with photosyn-
thesis dominate the list of low-protonemal/high-gameto-
phore abundance transcripts (Figure S2f). These GO terms
reflect the fact that in contrast to protonema, the leafy
gametophore is a mature structure dedicated to photosyn-
thesis as a principal function. Photosynthates are not only
used to maintain the viability of the tissue, but will also be
used to feed the sporophyte during development (Hiss
et al., 2014; Regmi et al., 2017).
From the GO term enrichment analysis to the single
transcript level, the challenge to define stage-specific tran-
scripts resides in the fact that even a transcript that is
highly abundant in a given stage, for example the sporo-
phyte, and absent in others, e.g. protonema or game-
tophore grown in standard growth conditions, can be
induced by a variation of the growth conditions. For exam-
ple, the transcript Pp3c7_6750V3.1, which encodes a Fer-
ritin-like domain-containing protein, displays a very high
accumulation in sporophyte (RPKM > 1500), and is below
detection level in protonema and gametophore under stan-
dard growing conditions; however, this transcript can be
induced in protonema treated with ABA or in dehydrated
gametophores to even higher levels than in the sporophyte
(>3000 RPKM in both cases). Hence, we used two criteria
to define stage-specific transcripts: (i) presence in the given
tissue (RPKM > 2) and absence in the other two tissues
(RPKM = 0–2); and (ii) absence in all other samples across
the dataset that do not contain the specific tissue. Figure 3
displays the six transcripts selected to represent pro-
tonema, gametophore and sporophyte stages (two each)
using the present dataset. Pp3c2_4100V3.1 encodes one
copy (out of 25 in P. patens) of the ribulose-bisphosphate
carboxylase small chain (rbcS) protein that appears to be
specifically expressed in protonemal tissue. The protone-
mal cell wall is essentially formed of primary cell wall that
provides reduced protection to light, and the specific high
expression of photosynthesis proteins with high turnover
may be a way to cope with this higher light exposure.
The other protonema-specific selected transcript,
Pp3c1_10720V3.1, encodes a protein without known anno-
tation and only detected in bryophytes by the Phytozome
gene ancestry list. Its specific presence in protonema prob-
ably explains the lack of data for it, but makes it a good
marker for such tissue. Pp3c26_11940V3.1, specifically
expressed in gametophores, encodes a putative SF7 – FAS-
CICLIN-LIKE ARABINOGALACTAN PROTEIN 11, a cell-wall
component in a group that appears to be specific to bryo-
phytes too. Pp3c26_11940V3.1 is one of the four homologs
coding for such proteins showing similar accumulation
patterns, but the only one indicating a complete specificity
to gametophore tissue. Pp3c7_9490V3.1 encodes a car-
bonic anhydrase:dioscorin precursor protein, and accumu-
lates specifically in gametophores. Finally, transcripts
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specific to sporophyte tissue are more abundant, with
more than 150 transcripts found in that tissue only. Gen-
eral morphology (capsule and seta are the only enclosed
multilayer tissues in moss), the unique presence of meiosis
and the generation of secondary metabolites, such as oleo-
sin and sporopollenin (Daku et al., 2016; Hiss et al., 2017),
may explain this observation. Pp3c6_15559V3.1, the first
sprorophyte-specific transcript chosen, reflects a potential
metabolic need (the transport of carbohydrate across the
sporophyte), as it encodes for a member of the Nodulin-
like protein family (Denance et al., 2014). These integral
proteins are known to transport carbohydrates such as
sucrose across membranes, and thus allow the optimal
allocation of reserve between cells. The second transcript
selected for sporophyte identity is Pp3c5_26440V3.1, which
encodes for the MKN1-3 protein, a class-II knotted1-like
homeobox transcription factor (Champagne and Ashton,
2001). This gene has been extensively studied in P. patens
(Singer and Ashton, 2007; Sakakibara et al., 2008) and is
involved in sporophyte patterning, a developmental net-
work specific to this organ. These six tissue markers were
part of previously conducted microarray experiments and
were analyzed from a tissue-specific perspective (Hiss
et al., 2014, 2017; Ortiz-Ramirez et al., 2016). Although they
all were confirmed as expressed in the respective tissue,
the tissue specificity does not match perfectly with the pre-
sent dataset, except for the sporophyte-specific genes
(Table S4). Notably, non-tissue-specific expression was
detected for the four gametophytic markers (in sporophytic
tissue). The differences in both tissue preparations and
technologies (in particular the higher sensitivity of RNA-
seq) may be the cause of these varied expression patterns.
Impact of ammonium supplementation on the protonemal
liquid culture transcriptome
Comparison between P. patens liquid cultures grown
under near-identical conditions except for the source of
nitrogen (experiment XXIII, with Knop medium supple-
mented with 5 mM ammonium tartrate and 4.2 mM
nitrate, compared with experiment XXIV, with standard
Knop medium containing only 4.2 mM nitrate) yielded 357
DEGs with a greater than twofold change, with 289 DEGs
downregulated and 68 DEGs upregulated by ammonium
supplementation (Data S1). The GO term enrichment anal-
ysis performed on each subset concurs with the well-
known plant response to ammonium supplementation
(Data S3). The addition of ammonium in the medium is
clearly reflected by the repression of genes involved in
nitrate assimilation and metabolism, as it is generating an
accumulation of transcripts related to primary carbon
metabolism (see Figure 4a and b for the 15 most abundant
GO terms present in the down- and upregulated DEGs
induced by ammonium supplementation; for the complete
set of enriched GO terms, see Figure S3a and b).
More specifically, the effect of the addition of NH4 to the
medium corresponds with previous studies: the gene
expression associated with nitrate cell import, nitrate pri-
mary metabolism and some associated genes is strongly
reduced, in some cases to the absence of detectable tran-
scripts. Tsujimoto et al. (2007) analyzed nitrate transporter
transcript accumulation under different nitrogen sources in
P. patens, and their results are recapitulated in the present
dataset: NRT2 and the Nar2 nitrate transporter family
members show strong downregulation upon treatment
with ammonium (Figure 4c; Tsujimoto et al., 2007). Plant
nitrate to ammonium conversion is an energetically costly
process, hence upon ammonium supplementation both
necessary enzymes are transcriptionally repressed in all
plants analyzed (Hachiya and Sakakibara, 2017). This pat-
tern is also detected in the present dataset where both
nitrate reductase coding genes (Pp3c10_9670V3.1,
Pp3c10_9540V3.1, and Pp3c14_9410V3.1) and nitrite
reductase coding genes (Pp3c27_6610V3.1 and
Pp3c16_15880V3.1) are strongly inhibited by ammonium
supplementation (Figure S4a).
On the other hand, we also observe the loss of transcript
abundance for genes involved in ammonium assimilation:
both ammonium transport genes, AMT2s
(Pp3c18_18460V3.1, Pp3s397_40V3.1, Pp3c16_12080V3.1
and Pp3c18_18460V3.1) and primary ammonium assimila-
tion genes, glutamate synthase (Pp3c14_8740V3.1),
glutamine synthetase (Pp3c18_10780V3.1) and asparagine
synthetase (Pp3c20_17620V3.1) display a reduction of tran-
script abundance upon treatment with ammonium (Fig-
ure S4a). This reduction may be the result of the
ammonium concentration used in the experimental setting
(5 mM ammonium tartrate), a concentration high enough
that it may require the overall regulatory repression of
ammoniummetabolism.
Indirect effects of different trophic conditions are also
detected in this dataset. The two genes most induced by
the ammonium treatment (>30-fold), Pp3c20_19940V3.1
and Pp3c20_1770V3.1, belong to transporter gene fami-
lies involved in salt and metabolite homeostasis.
Pp3c20_19940V3.1 encodes a gene coding for an Na+
P-type ATPase protein, demonstrated to be necessary for
active Na+ cell export in P. patens (Lunde et al., 2007). The
repression of nitrate import under ammonium supplemen-
tation affects K+ import (Coskun et al., 2015), and hence
the cytoplasmic Na+/K+ ratio may be adjusted as a result of
this specific transcript increase. Pp3c20_1770V3.1 encodes
for a member of the nodulin family. The solute specificity
is not well established for all members of this family
(Denance et al., 2014), but specific homologs of nodulin
genes in angiosperm are notably involved in amino acid
transport (Ladwig et al., 2012). Thus, an increase in
Pp3c20_1770V3.1 abundance hints at amino acid relocation
upon treatment with ammonium.
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In parallel with nitrate and ammonium-related pro-
cesses, a cluster of genes associated with cell wall modifi-
cation appears downregulated under ammonium
supplementation. This repression may reflect the morpho-
logical change observed upon the addition of ammonium:
in the presence of nitrate only, P. patens tip cells rapidly
differentiate into caulonemal cells, the faster elongating
and longer protonemal cell type (Figure S3d). In the pres-
ence of ammonium, the tip cells mostly comprise
chloronemal cells of shorter size (Figure S3c). Indeed, we
observed a reduction of transcript accumulation of known
cell wall loosening genes, such as xyloglucan endotrans-
glucosylase hydrolase (Pp3c16_20960V3.1), pectin methy-
lesterases (Pp3c3_30560V3.1, Pp3c3_35240V3.1 and
Pp3c4_22420V3.1) and extensins (Pp3c16_3130V3.1 and
Pp3c27_3570V3.1) (Figure S3b), all involved in cell elonga-
tion and the modification of cell shape (Lamport et al.,
2011; Cosgrove, 2016).
The addition of ammonium also promotes transcript
over-accumulation. Although this list is much shorter, we
can detect a trend to primary carbon metabolism genes
such as Ribulose-1,5-bisphosphate carboxylase/oxygenase
(RuBISCO) small subunit (Pp3c15_22730V3.1,
Pp3c12_7010V3.1 and Pp3c3_12530V3.1) or carbonate
dehydratase (Pp3c26_6810V3.1 and Pp3c26_6990V3.1) (Fig-
ure S3c). Carbon and nitrogen metabolism are closely
linked (Coskun et al., 2016). The increase of primary carbon
metabolism-associated transcripts in P. patens is similar to
what is observed in angiosperms. This expression bias is
also reflected in the difference in appearance of the
P. patens tissue between the two conditions. The chlorone-
mal cells are dominant under the presence of ammonium,
in which smaller cells are filled with numerous chloroplas-
ts, whereas in nitrate-only conditions the tissue is domi-
nated by caulonemal cells displaying a reduced number of
chloroplasts (Figure S3d and c, respectively).
Intra- and inter-laboratory comparison
The present dataset allows us to compare identical experi-
ments performed within a single laboratory and between
two different laboratories. Experiments VII, XXI and XXII
(Tables S1 and S2) are true replicates. Unfortunately,
experiment XXI only has two replicates, as mentioned pre-
viously. Hence the comparison of results must be regarded
as indicative of a trend only. Each of the two laboratories
involved generated protonemal liquid culture in Knop
medium, and sampling was performed at day 7 after tissue
homogenization. The RNA was subsequently extracted by
the laboratory and sent to the JGI for uniform library con-
struction and sequencing. Hence, the two main sources of
variation are the cultures themselves and the RNA extrac-
tion. Samples from experiments VII and XXI were isolated
using the same standardized protocol (see Experimental
procedures); in experiment XXII the Trizol step was omit-
ted. RNA samples passed rigorous quality control (carried
out by a single lab) prior to library construction. Post-
sequencing quality control indicates no major differences
in read length, GC content and the total number of
sequenced reads (for the read length profile and number
for each libraries, see Figure S5), indicating that differences
detected should be mostly attributed to laboratory (culture)
variation.
The within-laboratory comparison, experiment XXII
compared with XXI, displays a limited number of DEGs: 42
with a fold change of >0–2, equally distributed between
up- (23) and downregulated (19) DEGs (Data S1). This low
number could be attributed at least partially to the
absence of a biological triplicate for experiment XXI or to
the omission of Trizol in experiment XXII. Nevertheless,
the amplitude of the variation remains in a single order of
magnitude, contrary to most of the other comparisons in
which the calculated fold change can span up to five
Figure 3. Stage-specific transcript markers.
Two gene models for protonema, gametophore and
sporophyte tissue were selected for their specific
presence at the stage and for their absence in all
experiments not containing exclusively the specific
tissue. Reads per kilobase of transcript per million
mapped reads (RPKM) values from experiments VII
(protonema), XX (gametophore) and XV (sporo-
phyte).
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orders of magnitude. The GO term enrichment analysis
(Data S4; Figure S6) performed on these DEGs point to a
potential source of trophic variation: experiment XXII dis-
plays an increase of GO terms associated with a response
to external nitrogen processes (nitrate transport and
response to nitrate) as well as to cell death and protein
recycling (regulation of cell death, positive regulation of
cell death or regulation of cellular processes). On the other
hand, iron import-related terms dominate the downregu-
lated DEGs. Together, these terms point to a potential
nitrogen source depletion leading to metabolic and metal
homeostasis redirection. As both iron and nitrate are
added separately in the medium, a slight variation in the
media could potentially explain these DEGs; however, the
low number of observed DEGs and their low fold change
indicates high reproducibility, given the sensitivity of RNA-
seq to detect minor changes in transcript abundance.
In contrast, 1262 DEGs were detected in total (727 up-
and 535 downregulated) with a fold change of >2 between
experiments VII and XXII (Data S1). The number and the
amplitude of the DEGs (up to 500) suggest a clear differ-
ence between these samples. Two major sources of varia-
tion could generate such a difference: contamination with
other P. patens tissue and variation in growing conditions,
generating a stress response. To assess these two possibil-
ities, we compared the DEG list between the two experi-
ments and the DEGs for protonemata compared with
gametophore (experiment VII compared with XX), to test
the tissue hypothesis. We also compared them with three
different stress conditions: the effect of ABA on protone-
mata (experiment XIX compared with XVIII); the effect of
high light on protonemata plus gametophores (experi-
ment II compared with I); and the effect of elevated tem-
perature (heat stress) on protonemata plus gametophores
(experiment XXV compared with XXVI). Figure 5 illustrates
that the observed differences can indeed come from differ-
ent sources: 1101 of 1262 DEGs detected in the inter-
laboratory comparison can be seen in other experiments.
Focusing on the comparison with developmental stage
only, 680 (54%) of these DEGs are also seen in the DEGs
identified by comparing protonema against gametophore.
A clear example of the presence of gametophore are tran-
scripts for Pp3c27_3570V3.1, a gene coding for a putative
extensin precursor that displays a 250-fold increase
between protonemal and gametophore tissues, and shows
a more than 64-fold difference between experiment XXI
and VII. The source of such gametophore contamination
could be explained in differences of weekly grinding of the
tissue to maintain a pure protonemata culture. Continu-
ously cultured protonema in liquid culture sometimes
develop gametophore buds after 7 days, and thus the cul-
ture needs to be blended regularly to reset the protonema
to day 1 of the culture cycle. Yet, the difference between
experiments VII and XXII cannot be attributed to this kind
of tissue contamination alone. The three stresses com-
pared in the same figure, ABA treatment, heat and high
light, also display DEG overlap. Each stress displays a
specific signature as well as overlap with other experi-
ments, but we can identify 32 DEGs between the three
stress conditions and the laboratory comparison that
should reflect a general stress response. It is difficult to
evaluate exactly the cause of these stresses, but differ-
ences between laboratories such as temperature and
humidity regime of the growth chamber and type/age of
Figure 4. Impact of ammonium supplementation on transcriptome.
Gene ontology (GO) term analysis representation of the 15 most over-repre-
sented GO terms in the up- (a) and downregulated (B) differentially
expressed genes (DEGs) in ammonium-supplemented liquid protonemal
culture (experiment XXIII), compared with ammonium-free liquid protone-
mal culture (experiment XXIV). The size of the words is proportional to the
–log10 (q value), and over-represented GO terms were colored dark green if
–log10 (q value) ≤ 4 and were colored light green if –log10 (q value) > 4.
For the GO term identities and their respective over-representation values,
see Data S3. (c) RPKM values for nitrate and nitrite transporter gene models
in the absence of ammonium (red bar) and in the presence of ammonium
(blue bar). Gene models not identified by Tsujimoto et al. (2007) are shaded
in gray. Identifiers of the different nitrate transporter genes described by the






© 2018 The Authors
The Plant Journal © 2018 John Wiley & Sons Ltd, The Plant Journal, (2018), 95, 168–182
An RNA-seq transcriptome for Physcomitrella patens 175
the white light system used can potentially generate the
stresses detected in this comparison. It should be noted
that in a within-laboratory comparison it was previously
shown that liquid culture (with regular blending) as such
does not seem to represent a stress condition for P. patens
(Hiss et al., 2014). The relatively large number of DEGs
detected in the inter-laboratory comparison thus demon-
strates the sensitivity of RNA-seq and hence the fact that
minor fluctuations in growth conditions can result in
clearly detectable changes to the transcriptome.
Conclusions and outlook
The present transcriptome dataset represents an important
addition to the existing expression profiling data for the
moss P. patens. By its sample size and sequencing depth,
covering more than 80% of the v3.3 P. patens gene models,
the dataset will, along with others, permit the improvement
of future gene annotation versions. The RPKM values for all
individual v3.3 P. patens gene models in addition to 50
DEG sets are published with this study, representing a valu-
able benchmark reference for future RNA-seq studies.
Cross-comparison across large datasets is an important
approach to confirm transcript specificity to any biological
phenomenon, be it developmental, as exemplified in the
present study by the stage comparisons, or environmental,
as indicated by the laboratory replicates. As more datasets
are published, the body of data will permit a better under-
standing of variable parameters, but it is clear that the RNA-
seq approach is sensitive enough to detect differences in
growth conditions, qualitative or quantitative, that can
escape careful laboratory observation. Therefore, experi-
mental replica conditions should be very carefully con-
trolled and documented to allow for comparison within and
between laboratories. More P. patens Gene Atlas data are
forthcoming, representing, for example, additional devel-
opmental stages such as non-germinated spores and game-
tophores bearing gametangia (sexual organs), as well as
further perturbation experiments looking into the response
of the plant to variation in phosphate concentration in the
medium, which will further enhance the usefulness of the
present set of expression profiling data. The data presented
here are currently available as a supplement to this paper
(Data S1). Moreover, expression values assigned to genes
can be accessed at Phytozome (https://phytozome.jgi.d
oe.gov/). Other large-scale P. patens expression data are
available at Genevestigator (Hiss et al., 2014) and the eFP
browser (Ortiz-Ramirez et al., 2016). A valuable future goal
is to unify these data into a single resource.
EXPERIMENTAL PROCEDURES
Plant material
Physcomitrella patens Gransden (Engel, 1968) was used for all
samples apart from the two sporophyte sets, for which P. patens
Reute was used (Hiss et al., 2017). The protonemata cultures were
systematically entrained by two successive weeks of culture prior
to treatment, in order to obtain a homogeneous culture. Medium
referred to as BCD uses the composition described by Cove et al.
(2009), and medium referred to as Knop uses the composition
described by Reski and Abel (1985), based on Knop’s medium
(Knop, 1868). Solid medium [medium with 1% (w/v) agar] protone-
mal cultures were grown on top of a cellophane film to allow tis-
sue transfer for specific treatments (e.g. with hormones), and for
easy harvesting. If not otherwise mentioned, Petri dishes were
sealed with parafilm during the growing period and plates and
flasks were cultivated at 22°C with a 16-h light/8-h dark regime
under 60–80 lmol m2 s1 white light (long-day conditions). All
harvests were performed in the middle of the light photoperiod
(+8 h of light in long-day conditions), followed by immediate
flash-freezing in liquid nitrogen, unless otherwise stated. All
experiments, referred to by Roman numerals, consist of biological
triplicates of the given conditions.
Sample description
Table S1 presents a simplified version of the experiments with the
associated repository references for the libraries.
Light treatments
Light quality. Prior to treatment, P. patens protonemata were
cultivated for 1 week on solidified supplemented BCD medium
(BCD supplemented with 5 mM ammonium tartrate and 0.5%
sucrose, for dark-treated samples, or 0.5% glucose, for light treat-
ments). Plants were cultivated in long-day conditions. Subse-
quently, the cultures were transferred into the light conditions
described below.
Figure 5. Contrasting differentially expressed genes (DEGs) across experi-
ments.
Venn diagram analysis of the DEGs of replica experiments between differ-
ent laboratories (Laboratory A, experiment VII, compared with Labora-
tory B, experiment XXII), and with DEGs between protonema and
gametophore (protonema, experiment VII, compared with gametophore,
experiment XX), between ABA treatment (Control, experiment XVIII, com-
pared with ABA, experiment XIX), heat treatment (Control, experiment XXV,
compared with Heat, experiment XXVI) and high light treatment (Control,
experiment I, compared with High light, experiment II). The number of tran-
scripts meeting the cut-off values are contained within each section of the
labeled circle (up- or downregulated by more than twofold; adjusted
P < 0.05).
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• Dark-treated samples were grown in darkness for 1–2 weeks
(experiment XXIX).
• Far-red light samples were grown under continuous
2 lmol m2 s1 far-red light at 720–740 nm for 1–2 weeks and
then harvested (experiment XXXIII).
• Red-light samples were grown under continuous
10 lmol m2 s1 red light at 660–680 nm for 1–2 weeks and
then harvested (experiment XXX).
• Blue-light samples were grown under continuous
5 lmol m2 s1 blue light at 460–480 nm for 1–2 weeks and
then harvested (experiment XXXI).
• UV-B light samples were grown under continuous
4 lmol m2 s1 white light supplemented with 1 lmol m2 s1
UV-B light at 300–320 nm for 1–2 weeks and then harvested (ex-
periment XXVIII).
Light quantity. Prior to treatment, P. patens protonemata were
cultivated for 10 days under standard long-day conditions on
solidified Knop medium.
• High-light samples were transferred to 850 lmol m2 s1 white
light for 2 h and then harvested (experiment II).
• Low-light samples were transferred to 10 lmol m2 s1 white
light for 2 h and then harvested (experiment III).
• Control light samples were maintained at 70 lmol m2 s1
white light for 2 h and then harvested (experiment I).
Tissues
Germinating spores—Physcomitrella patens mature sporo-
phytes were harvested, opened and spores suspended in sterile
water. Spores were distributed on Petri dishes containing solid
Knop medium supplemented with 5 mM ammonium tartrate.
Spores were germinated for 4 days at 24°C under continuous light
and then harvested (experiment IV).
Protonemata grown on solid medium—Protonemata were
cultivated on solidified BCD medium, in Petri dishes sealed with
3M Micropore tape under standard conditions. Protonemata were
cultivated for 7 days and then harvested (experiment XVIII).
Protonemata grown in liquid medium—Protonemata were
cultivated in liquid Knop medium in flasks with continuous shak-
ing under standard conditions. Protonemata were cultivated for
7 days and then harvested by filtering with a 100-lm sieve (experi-
ments VII, XXI and XXII).
Gametophores—Gametophores were cultivated on solidified
BCD medium without cellophane, in Petri dishes sealed with 3M
Micropore tape under standard conditions. Gametophores were
cultivated for 5 weeks and the aerial parts of the plants were har-
vested (experiment XVII).
Gametophores were cultivated on solidified Knop medium with-
out cellophane, under standard conditions. Gametophores were
grown for 5 weeks and the aerial parts of the plants were har-
vested (experiment XX).
Leaflets (phyllids, non-vascular leaves of the gametophore):
Gametophores were cultivated on solidified Knop medium with-
out cellophane, under standard conditions. After 5 weeks of
growth, leaflets were separated from the gametophore stem using
forceps, harvested and stored in RNAlater solution (Qiagen, Hil-
den, Germany) before flash-freezing in liquid nitrogen as a single
sample (experiment XIV).
Sporophytes—Physcomitrella patens Reute sporophytes were
induced as initially described by Hohe and collaborators, and
later modified by Hiss and collaborators (Hohe et al., 2002; Hiss
et al., 2017). Briefly, gametophytic tissue was grown for
5 weeks on solidified mineral Knop medium under standard
conditions. Gametangia production was induced by transferring
the plates to 16°C under an 8-h light/16-h dark regime, with
20 lmol m2 s1 white light (short-day conditions). After
3 weeks in this regime, plants were watered regularly to pro-
mote efficient fertilization and allowed to develop under short-
day conditions.
Green sporophytes with a round capsule shape and green color
were harvested after 5 weeks of short-day growth conditions (im-
mature post meiotic stage M; Hiss et al., 2017) and stored in RNA-
later solution (Qiagen) before flash-freezing in liquid nitrogen as a
single sample (experiment XV).
Brown sporophytes with a round capsule shape and brown
color were harvested after 7 weeks of short-day growth conditions
(mature stage stage B; Hiss et al., 2017), and stored in RNAlater
solution (Qiagen) before flash-freezing in liquid nitrogen as a sin-
gle sample (experiment XVI).
Hormones
Auxin—Gametophores were cultivated on a sieve above liquid
Knop medium in Magenta boxes (Sigma-Aldrich, Merck KGaA,
Darmstadt, Germany) sealed with parafilm under standard con-
ditions for 10 months. At that time point, auxin samples were
treated with 10 lM naphthaleneacetic acid (NAA) and cultivated
for 10 days before harvesting. Samples with and without NAA
were generated (experiment XXXIII and XXXIV).
Strigolactone—Protonemata were cultivated on solidified BCD
medium in Petri dishes sealed with 3M Micropore tape under
standard conditions. The tissue was cultivated for 21 days. Cello-
phane disks containing tissue were transferred to BCD plates con-
taining either 1 lM racemic GR24 (synthetic strigolactone) or
acetone without GR24, as a control, incubated for 24 h and then
harvested (experiment V and XXXVIII).
Gibberellin—Protonemata were cultivated on solidified BCD
medium, supplemented with 20 lM GA9-methylester under stan-
dard conditions. GA9-methylester was synthesized and donated
by Peter Hedden’s group at Rothamstead Research (https://www.
rothamsted.ac.uk). Protonemata were cultivated for 7 days and
then harvested (experiment XI).
Abscisic acid—Protonemata were cultivated on solidified BCD
medium, in Petri dishes sealed with 3M Micropore tape under
standard conditions. Protonemata were cultivated for 6 days. Cel-
lophane disks containing tissue were transferred to BCD plates
containing 50 lM abscisic acid (ABA) and incubated for 24 h
before harvesting (experiment XIX).
OPDA—Protonemata were cultivated on solidified BCD med-
ium, supplemented with 5 mM ammonium tartrate, with or
without 50 lM 12-oxo-phytodienoic acid (OPDA), in Petri dishes
sealed with 3M Micropore tape under standard conditions.
Protonemata were cultivated for 14 days. Cellophane disks
containing tissue were transferred to ammonium tartrate-
containing BCD plates, with or without 50 lM OPDA and incu-
bated for 6 h before harvesting (experiments X and IX, respec-
tively).
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Perturbations
Protoplasts—Protonemata were cultivated for 6 days on solidi-
fied mineral medium BCD, supplemented with ammonium tartrate
(2.7 mM) and glucose (0.5%), in Petri dishes sealed with 3M
Micropore tape under standard conditions. Protoplasts were
released using driselase treatment (Cove et al., 2009) and then
harvested (experiment VIII).
Ammonium treatment—Protonemata cultivated in liquid Knop
medium was used to inoculate two parallel cultures, one with
Knop medium and a second with Knop medium supplemented
with 5 mM ammonium tartrate, in flasks with continuous shaking
under standard conditions. Protonemata were cultivated for
7 days and then harvested 2 h after the lights were turned on (ex-
periment XXIV, without ammonium; experiment XXIII, with
ammonium).
De- and rehydration—Gametophores were cultivated on cello-
phane disks on solidified BCD medium under standard conditions
for 5 weeks prior to dehydration treatment. The gametophores on
the cellophane disks were placed in empty Petri dishes that were
sealed in chambers containing an atmosphere of 91% relative
humidity (RH) generated by a saturated solution of MgSO4 in an
incubator at 17°C, with a 16-h light/8-h dark cycle. Gametophores
were exposed to the dehydrating atmosphere until they reached a
constant weight (equilibrium). Equilibrium was reached at approx-
imately 150 h (Koster et al., 2010), and gametophores were sam-
pled at 180 h (experiment XII). The water potential of the
gametophore tissue at equilibrium was –13 MPa. Rehydration was
achieved by floating the cellophane disks containing the dehy-
drated gametophores on sterile water in a Petri dish for 5 min to
ensure full rehydration. Once fully rehydrated the disks were
placed on solid BCD media and incubated under standard condi-
tions in the light for 2 h before harvest (experiment XIII).
Heat—Protonemata were cultivated on solidified BCD medium
supplemented with 5 mM ammonium tartrate under continuous
light for the duration of the treatment. The heat treatment was
applied after 5 days of pre-growth and lasted for 5 days, with
repeated heat-shock cycles of 5 h at 22°C followed by 1 h at 37°C,
before harvesting (experiment XXVI, treatment; experiment XXVII,
control).
RNA extraction, RNA processing and sequencing
Frozen samples were pulverized with a mortar and pestle and
total RNA was extracted in two steps: (i) total RNA was
extracted using Trizol reagent (Invitrogen, now ThermoFisher
Scientific, https://www.thermofisher.com), using the manufac-
turer’s instructions (maximum of 100 mg of tissue per ml of Tri-
zol reagent); and (ii) total RNA was purified using the RNeasy
Plant Mini Kit (Qiagen), omitting the shredding step of the kit.
Total RNA was checked for integrity using a BioAnalyzer with an
Agilent RNA 6000 Nano Chip, following the manufacturer’s
instructions (Agilent, https://www.agilent.com). Plate-based RNA
sample preparation was performed on the PerkinElmer Sciclone
NGS robotic liquid handling system (http://www.perkinelmer.c
om), using Illumina’s TruSeq Stranded mRNA HT sample prep
kit (Illumina, https://www.illumina.com) with poly-A selection of
mRNA following the protocol outlined by Illumina in their user
guide (http://support.illumina.com/sequencing/sequencing_kits/
truseq_stranded_mrna_ht_sample_prep_kit.html), and with the
following conditions: total RNA starting material was 1 lg per
sample and eight cycles of PCR were used for library amplifica-
tion. The prepared libraries were then quantified by qPCR using
the Kapa SYBR Fast Illumina Library Quantification Kit (Kapa
Biosystems, https://www.kapabiosystems.com), and run on a
Roche LightCycler 480 real-time PCR instrument (Roche, https://
www.roche.com). The quantified libraries were then prepared
for sequencing on the Illumina HiSeq sequencing platform using
a TruSeq paired-end cluster kit, v4, and Illumina’s cBot instru-
ment to generate a clustered flow cell for sequencing. Sequenc-
ing of the flow cell was performed on the Illumina HiSeq2500
sequencer using HiSeq TruSeq SBS sequencing kits, v4, follow-
ing a 2 9 150 indexed run recipe.
RNA-seq processing
The RNA-seq processing steps described below are presented in a
condensed view in the illustrated pipeline presented in Figure 1.
Quality trimming and adapter removal. Each library was ini-
tially checked with FASTQC 0.11.2 to evaluate ther read quality
(http://www.bioinformatics.babraham.ac.uk/projects/fastqc/). Sub-
sequently, lower quality bases and sequencing adapters were
removed using TRIMMOMATIC 0.33 (Bolger et al., 2014) with the fol-
lowing parameters: ILLUMINACLIP:TruSeq3-PE-2.fa:2:30:10 SLI-
DINGWINDOW:4:15 HEADCROP:12 MINLEN:50. Finally, a read
length of minimum 50 nt per read was required for further
processing.
Poly-A tail trimming. As a result of the nature of RNA-seq
data, poly-A tails are expected: poly-A tails with a minimum
length of 12 were identified and removed with PRINSEQ 0.20.4 (Sch-
mieder and Edwards, 2011).
Paired-end read merging. During an Illumina paired-end
sequencing, fragmented RNA will be sequenced from both sides.
If the fragments are smaller than the double read length, the reads
overlap each other. Such overlapping reads were merged with the
help of COPEREAD 1.2.5 (Liu et al., 2012).
Mapping. The read mapping was performed using GSNAP 2015-
12-31.v5 (Wu and Nacu, 2010), with the options -A sam -N 1 –split-
output –failed-input. The read mapping was performed in two
steps: all reads were mapped first against P. patens organellar
genomes and rRNA sequences (mitochondrial NC_007945.1;
chloroplast NC_005087.1; ribosomal HM751653.1, X80986.1 and
X98013.1). The remaining reads were then mapped against
P. patens genome v3 (Lang et al., 2018; https://phytozome.jgi.d
oe.gov/pz/portal.html) and concordant unique mapped read pairs
were retained.
File converting. The conversion of the mapping output files
from SAM to BAM format and the sorting by positions was per-
formed using SAMTOOLS 1.2 (Li et al., 2009).
Read count. For read counting, HTSEQ-COUNT 0.6.1p1 (Anders
et al., 2015), in combination with the P. patens gene model v3.3
(Lang et al., 2018), was applied. Additionally for default options, the
following parameters were set: -s reverse -r pos -t exon -i Parent.
Differential expression analysis
Differentially expressed gene (DEG) calling approaches can gener-
ate different results (Zhang et al., 2014; Schurch et al., 2016).
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Hence, in order improve confidence in the DEGs used here, sev-
eral algorithms were tested. DEG analysis was performed in
R 3.2.0 using three R packages: EGDER 3.14.0 (Robinson et al.,
2010); DESEQ2 1.12.3 (Love et al., 2014); and NOISEQ 2.12.0 (Tara-
zona et al., 2011). P-value cut-offs for EDGER and DESEQ2 were
0.001, and for NOISEQ the probability of differential expression
(‘prob’) was >0.9. Genes with zero counts in all replicates were
removed. The previously detected array DEGs are known to be
of high quality (Hiss et al., 2014). The higher sensitivity of RNA-
seq based approaches often leads to the calling of DEGs that
exhibit very low expression levels, the biological significance of
which might be questionable. In order to rely on a trustworthy
set of DEGs we decided to use the NOISEQ RPKM-normalized
DEGs because they capture the majority of the array DEGs,
overlap with a high fraction of DEGs also detected by EDGER and
DESEQ2, but exclude a high number of DEGs detected only by the
latter two tools (for a Venn diagram representation of the four-
way DEG call comparison, see Figure S7), which are character-
ized by a particularly low average expression level (3.5 FPKM, as
compared with the 51.7 FPKM average for the overlap of array
and all three RNA-seq DEG callers). The number of DEGs called
exclusively by NOISEQ (not overlapping with other approaches) is
the lowest one of all approaches. Thus, for further analysis
NOISEQ RPKM-normalized DEGs were used.
To further confirm our DEG procedure using the NOISEQ
approach, experiments XX and XXI were compared with previ-
ously published microarray data (Hiss et al., 2014). Both experi-
ments on both platforms, gametophores on solid Knop medium
(XX) and protonemata in liquid Knop medium (XXI), were per-
formed in the same laboratory. A total of 620 DEGs were called by
the microarray data (Hiss et al., 2014). With its higher sensitivity
RNA-seq called 3309 DEGs. We found that 69% of the microarray
DEGs overlap with the RNA-seq data, providing evidence that the
RNA-seq based DEGs coincide well with previous approaches. An
even better overlap can be found by comparing the GO terms
associated with both DEG sets. The microarray GO terms were
found to share 95.5% of their associated terms with the GO terms
associated with the RNA-seq DEGs (Data S5). A total of 758 of 762
GO terms did not show significant differences between the two
DEG sets in terms of their number of associated genes (Fisher’s
exact test, Padjust < 0.05).
GO term enrichment analysis
The GO enrichment analyses were conducted as described previ-
ously (Widiez et al., 2014). Visualization of the GO terms was
implemented using word clouds using the http://www.wordle.net
application. Word size is proportional to the –log10 (q value), and
over-represented GO terms were colored dark green if –log10
(q value) ≤ 4 and light green if –log10 (q value) > 4.
Data visualization
Principal component analysis (PCA) was performed in R 3.2.0
using the R function PRINCOMP (https://stat.ethz.ch/R-manual/R-devel/
library/stats/html/princomp.html). PCA visualization was gener-
ated using the R package PLOT3D 1.1.1 (https://CRAN.R-project.org/
package=plot3D). Hierarchical clustering was calculated and visu-
alized using R 3.4.3 and the package COMPLEXHEATMAP 1.17.1 (Gu
et al., 2016), with the Euclidean distance method. The calculation
was performed with all gene models, with at least three samples
with RPKM > 2. Venn diagrams were created using the online tool
VENN DIAGRAM developed by the University of Gent (http://bioinfor
matics.psb.ugent.be/webtools/Venn/), with the symmetric and col-
ored options.
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Figure S1. Hierarchical clustering of all 99 RNA-seq samples,
RPKM normalized. The upper colored line represents the experi-
ments, the lower one the corresponding tissues. This analysis
confirms and illustrates that the replicates for each experiment
cluster as expected with each other in most of the cases, as for
example experiment XVI (brown sporophyte). The exceptions are
the cases in which consequently few DEGs were detected. For
example, experiments V and XXXVIII libraries group together,
indication of the closeness of these samples, but the triplicates
are not resolved between the two experiments. The clustering pro-
vides independent confirmation of the absence of effect of the
strigolactone treatments in this specific experiment.
Figure S2. GO term enrichment of developmental stage DEGs. GO
term analysis representation of all over-represented GO terms
associated with DEGs between specific stages. (A): Over-repre-
sented GO terms associated with the up-DEGs in sporophyte (exp.
XV) compared to gametophore (exp. XVII). (B): Over-represented
GO terms associated with the down-DEGs in sporophyte (exp. XV)
compared to gametophore (exp. XVII). (C): GO terms associated
with the up-DEGs in protonema (exp. VII) compared to sporophyte
(exp. XV). (D): GO terms associated with the down-DEGs in pro-
tonema (exp. VII) compared to sporophyte (exp. XV). (E): GO
terms associated with the up-DEGs in protonema (exp. VII) com-
pared to gametophore (exp. XV). (F): GO terms associated with
the down-DEGs in protonema (exp. VII) compared to gametophore
(exp. XV). Word size is proportional to the –log10 (q-value) and
over-represented GO terms were colored dark green if –log10 (q-
value) ≤ 4 and light green if –log10 (q-value) >4 .For the GO term
IDs and their respective over-representation values see Data S2.
Figure S3. Impact of ammonium supplementation on protonemata
transcriptome. GO term analysis representation of all over-repre-
sented GO terms associated with DEGs between ammonium-sup-
plemented liquid protonemal culture (exp. XXIII) and ammonium-
free liquid protonemal culture (exp. XXIV). (A): Over-represented
GO terms associated with the up-DEGs in ammonium-
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supplemented liquid protonemal culture (exp. XXIII) compared to
ammonium-free liquid protonemal culture (exp. XXIV). (B): Over-
represented GO terms associated with the down-DEGs in ammo-
nium-supplemented liquid protonemal culture (exp. XXIII) com-
pared to ammonium-free liquid protonemal culture (exp. XXIV).
Word size is proportional to the –log10 (q-value) and over-repre-
sented GO terms were colored dark green if –log10 (q-value) ≤ 4
and light green if –log10 (q-value) > 4. (C): Typical aspect of pro-
tonemal cells in presence of ammonium. (D): Typical aspect of
protonemal cells in absence of ammonium. For the GO term IDs
and their respective over-representation values see Data S3.
Figure S4. Specific transcripts affected by ammonium supplemen-
tation in protonemata. (A): Repressed transcripts upon ammonium
supplementation pertaining directly to nitrate metabolism. (B):
Repressed transcripts upon ammonium supplementation related
to cell wall remodeling. (C): Induced gene upon ammonium sup-
plementation related to primary carbon fixation metabolism. Error
bar: standard deviation, n=3.
Figure S5. Library quality evaluation of the laboratory comparison
dataset. Read length distribution of for the different libraries.
(A): 7805.5.84013.TCGGCA, (B): 7806.3.84002.ACAAA, (C): 7806.
5.84005.CGAGAA, (D): 7806.6.83999.TGAATG, (E): 7805.1.
84009.CTTGTA, (F): 7805.1.84009.CCGTCC, (G): 7805.2.84012.
ATGAGC, (H): 7806.6.83999.TTCGAA, (I): Overview of the library
primary statistic for experiments VII, XXI and XXII.
Figure S6. Comparison between replica experiments performed in
a single laboratory. GO term analysis representation of all over-
represented GO terms associated with DEGs between the protone-
mal replica experiment XXII and XXI. (A): Over-represented GO
terms associated with up-DEGs in experiment XXII compared to
experiment XXI. (B): Over-represented GO terms associated with
down-DEGs in experiment XXII compared to experiment XXI.
Word size is proportional to the –log10 (q-value) and over-repre-
sented GO terms were colored dark green if –log10 (q-value) ≤ 4
and light green if –log10 (q-value) > 4. For the GO terms IDs and
their respective overrepresentation values see Data S4.
Figure S7. Comparison of the DEGs called by the NOISeq, DESeq2
and edgeR packages with RNA dataset and by microarray
approach. Venn diagram comparing the DEGs called by NOISeq
(in blue), DESeq2 (in yellow) and edgeR (in green) between the
Experiments XXI (gametophore) and XX (protonemal liquid cul-
ture) and the DEGs called in a microarray experiment performed
on the same tissues (Hiss et al. 2014).
Table S1. Overview of the experiments and their primary library
data presented in this study.
Table S2. Harvesting time point after initiation of the specific cul-
ture and experimental location for each experiment in this study.
Table S3. Overview of the experiment pairs for which DEGs have
been calculated in the present study.
Table S4: Tissue markers detection in P. patens microarray stud-
ies. nt: not tested; - no specificity; +/-: gene model displays in
specific tissue enrichment but present somewhere else; +: tissue
specificity confirmed with no other tested tissue showing any
transcript accumulation.
Data S1. Calculated RPKM for all Physcomitrella patens gene mod-
els V3.3 in all libraries described in the present study and calcu-
lated DEG for 50 relevant comparisons.
Data S2. GO terms enrichment lists associated with ammonium
supplementation.
Data S3. GO terms enrichment lists associated with stage specific
comparison.
Data S4. GO terms enrichment lists associated lab specific replica-
tion.
Data S5. GO terms comparison between the RNA-seq experiment
XX and XXI and the similar treatment performed with microarray
approach (data from Hiss et al. 2014).
REFERENCES
Alaba, S., Piszczalka, P., Pietrykowska, H. et al. (2015) The liverwort Pellia
endiviifolia shares microtranscriptomic traits that are common to green
algae and land plants. New Phytol. 206, 352–367.
Anders, S., Pyl, P.T. and Huber, W. (2015) HTSeq—a Python framework to
work with high-throughput sequencing data. Bioinformatics, 31, 166–169.
Aya, K., Kobayashi, M., Tanaka, J., Ohyanagi, H., Suzuki, T., Yano, K.,
Takano, T., Yano, K. and Matsuoka, M. (2015) De novo transcriptome
assembly of a fern, Lygodium japonicum, and a web resource database,
ljtrans DB. Plant Cell Physiol. 56, e5.
Banks, J.A., Nishiyama, T., Hasebe, M. et al. (2011) The compact Selaginella
genome identifies changes in gene content associated with the evolution
of vascular plants. Science (New York, N.Y.), 332, 960–963.
Bolger, A.M., Lohse, M. and Usadel, B. (2014) Trimmomatic: a flexible trim-
mer for Illumina sequence data. Bioinformatics, 30, 2114–2120.
Bowman, J.L., Kohchi, T., Yamato, K.T. et al. (2017) Insights into Land Plant
Evolution Garnered from the Marchantia polymorpha Genome. Cell, 171
(287–304), e215.
Bushart, T.J., Cannon, A.E., ul Haque, A., San Miguel, P., Mostajeran, K.,
Clark, G.B., Porterfield, D.M. and Roux, S.J. (2013) RNA-seq analysis
identifies potential modulators of gravity response in spores of Cer-
atopteris (Parkeriaceae): evidence for modulation by calcium pumps and
apyrase activity. Am. J. Bot. 100, 161–174.
Champagne, C.E.M. and Ashton, N.W. (2001) Ancestry of KNOX genes
revealed by bryophyte (Physcomitrella patens) homologs. New Phytol.
150, 23–36.
Chang, C.-Y., Lin, W.-D. and Tu, S.-L. (2014) Genome-wide analysis of heat-
sensitive alternative splicing in Physcomitrella patens. Plant Physiol. 165,
826–840.
Chen, Y.-R., Su, Y.-S. and Tu, S.-L. (2012) Distinct phytochrome actions in
nonvascular plants revealed by targeted inactivation of phytobilin
biosynthesis. Proc. Natl Acad. Sci. USA, 109, 8310–8315.
Colpitts, C.C., Kim, S.S., Posehn, S.E., Jepson, C., Kim, S.Y., Wiedemann,
G., Reski, R., Wee, A.G.H., Douglas, C.J. and Suh, D.-Y. (2011) PpASCL, a
moss ortholog of anther-specific chalcone synthase-like enzymes, is a
hydroxyalkylpyrone synthase involved in an evolutionarily conserved
sporopollenin biosynthesis pathway. New Phytol. 192, 855–868.
Coruh, C., Cho, S.H., Shahid, S., Liu, Q., Wierzbicki, A. and Axtell, M.J.
(2015) Comprehensive annotation of Physcomitrella patens small RNA
loci reveals that the heterochromatic short interfering RNA pathway is
largely conserved in land plants. Plant Cell, 27, 2148–2162.
Cosgrove, D.J. (2016) Catalysts of plant cell wall loosening. F1000Res, 5,
119. https://doi.org/10.12688/f1000research.7180.1
Coskun, D., Britto, D.T. and Kronzucker, H.J. (2015) The nitrogen-potassium
intersection: membranes, metabolism, and mechanism. Plant, Cell Envi-
ron. 40, 2029–2041.
Coskun, D., Britto, D.T. and Kronzucker, H.J. (2016) Nutrient constraints on
terrestrial carbon fixation: the role of nitrogen. J. Plant Physiol. 203, 95–
109.
Cove, D.J., Perroud, P.F., Charron, A.J., McDaniel, S.F., Khandelwal, A. and
Quatrano, R.S. (2009) The moss Physcomitrella patens: a novel model
system for plant development and genomic studies. Cold Spring Harbor
Protocol, 2009, pdb emo115.
Daku, R.M., Rabbi, F., Buttigieg, J., Coulson, I.M., Horne, D., Martens, G.,
Ashton, N.W. and Suh, D.Y. (2016) PpASCL, the Physcomitrella patens
anther-specific chalcone synthase-like enzyme implicated in sporopol-
lenin biosynthesis, is needed for integrity of the moss spore wall and
spore viability. PLoS ONE, 11, e0146817.
Decker, E.L., Alder, A., Hunn, S. et al. (2017) Strigolactone biosynthesis is
evolutionarily conserved, regulated by phosphate starvation and con-
tributes to resistance against phytopathogenic fungi in a moss, Physco-
mitrella patens. New Phytol. 216, 455–468.
Demko, V., Perroud, P.F., Johansen, W. et al. (2014) Genetic analysis of
DEFECTIVE KERNEL1 loop function in three-dimensional body patterning
in Physcomitrella patens. Plant Physiol. 166, 903–919.
© 2018 The Authors
The Plant Journal © 2018 John Wiley & Sons Ltd, The Plant Journal, (2018), 95, 168–182
180 Pierre-Francois Perroud et al.
Denance, N., Szurek, B. and No€el, L.D. (2014) Emerging functions of nodu-
lin-like proteins in non-nodulating plant species. Plant Cell Physiol. 55,
469–474.
Devos, N., Sz€ovenyi, P., Weston, D.J., Rothfels, C.J., Johnson, M.G. and
Shaw, A.J. (2016) Analyses of transcriptome sequences reveal multiple
ancient large-scale duplication events in the ancestor of Sphagnopsida
(Bryophyta). New Phytol. 211, 300–318.
Engel, P.P. (1968) The induction of biochemical and morphological mutants
in the moss Physcomitrella patens. Am. J. Bot. 55, 438–446.
Eveland, A.L., Satoh-Nagasawa, N., Goldshmidt, A., Meyer, S., Beatty, M.,
Sakai, H., Ware, D. and Jackson, D. (2010) Digital gene expression signa-
tures for maize development. Plant Physiol. 154, 1024–1039.
Gaidatzis, D., Burger, L., Florescu, M. and Stadler, M.B. (2015) Analysis
of intronic and exonic reads in RNA-seq data characterizes tran-
scriptional and post-transcriptional regulation. Nat. Biotechnol. 33,
722–729.
Gao, B., Zhang, D., Li, X., Yang, H. and Wood, A.J. (2014) De novo assembly
and characterization of the transcriptome in the desiccation-tolerant
moss Syntrichia caninervis. BMC Res. Notes 7, 490.
Gao, B., Zhang, D., Li, X., Yang, H., Zhang, Y. and Wood, A.J. (2015) De
novo transcriptome characterization and gene expression profiling of the
desiccation tolerant moss Bryum argenteum following rehydration. BMC
Genom. 16, 416.
Gonzalez-Ballester, D., Casero, D., Cokus, S., Pellegrini, M., Merchant, S.S.
and Grossman, A.R. (2010) RNA-seq analysis of sulfur-deprived Chlamy-
domonas cells reveals aspects of acclimation critical for cell survival.
Plant Cell, 22, 2058.
Gu, Z., Eils, R. and Schlesner, M. (2016) Complex heatmaps reveal patterns
and correlations in multidimensional genomic data. Bioinformatics, 32,
2847–2849.
Hachiya, T. and Sakakibara, H. (2017) Interactions between nitrate and
ammonium in their uptake, allocation, assimilation, and signaling in
plants. J. Exp. Bot. 68, 2501–2512
Harrison, J.C. (2017) Development and genetics in the evolution of land
plant body plans. Philosophical Transactions of the Royal Society B: Bio-
logical Sciences 372, 20150490.
Hiss, M., Laule, O., Meskauskiene, R.M. et al. (2014) Large-scale gene
expression profiling data for the model moss Physcomitrella patens aid
understanding of developmental progression, culture and stress condi-
tions. Plant J. 79, 530–539.
Hiss, M., Meyberg, R., Westermann, J., Haas, F.B., Schneider, L., Schallen-
berg-Rudinger, M., Ullrich, K.K. and Rensing, S.A. (2017) Sexual repro-
duction, sporophyte development and molecular variation in the model
moss Physcomitrella patens: introducing the ecotype Reute. Plant J. 90,
606–620.
Hoffmann, B., Proust, H., Belcram, K., Labrune, C., Boyer, F.D., Rameau, C.
and Bonhomme, S. (2014) Strigolactones inhibit caulonema elongation
and cell division in the moss Physcomitrella patens. PLoS ONE, 9,
e99206.
Hohe, A., Rensing, S.A., Mildner, M., Lang, D. and Reski, R. (2002) Day
length and temperature strongly influence sexual reproduction and
expression of a novel MADS-box gene in the moss Physcomitrella
patens. Plant Biol. 4, 595–602.
Kamisugi, Y., Whitaker, J.W. and Cuming, A.C. (2016) The transcriptional
response to DNA-double-strand breaks in Physcomitrella patens. PLoS
ONE, 11, e0161204.
Knop, W. (1868) Der Kreislauf des Stoffs: Lehrbuch der Agricultur-Chemie
Leipzig. Germany: Haessel, H.
Koster, K.L., Balsamo, R.A., Espinoza, C. and Oliver, M.J. (2010) Desiccation
sensitivity and tolerance in the moss Physcomitrella patens: assessing
limits and damage. Plant Growth Regul. 62, 293–302.
Ladwig, F., Stahl, M., Ludewig, U., Hirner, A.A., Hammes, U.Z., Stadler, R.,
Harter, K. and Koch, W. (2012) Siliques are Red1 from arabidopsis acts
as a bidirectional amino acid transporter That is crucial for the amino
acid homeostasis of siliques. Plant Physiol. 158, 1643–1655.
Lamport, D.T., Kieliszewski, M.J., Chen, Y. and Cannon, M.C. (2011) Role of
the extensin superfamily in primary cell wall architecture. Plant Physiol.
156, 11–19.
Lang, D., Ullrich, K.K., Murat, F. et al. (2018) The P. patens chromosome-
scale assembly reveals moss genome structure and evolution. Plant J.
93, 515–533.
Lavy, M., Prigge, M.J., Tao, S., Shain, S., Kuo, A., Kirchsteiger, K. and Estelle,
M. (2016) Constitutive auxin response in Physcomitrella reveals complex
interactions between Aux/IAA and ARF proteins. eLife, 5, e13325.
Li, H., Handsaker, B., Wysoker, A., Fennell, T., Ruan, J., Homer, N., Marth,
G., Abecasis, G. and Durbin, R. and Genome Project Data Processing, S.
(2009) The Sequence Alignment/Map format and SAMtools. Bioinformat-
ics, 25, 2078–2079.
Lister, R., O’Malley, R.C., Tonti-Filippini, J., Gregory, B.D., Berry, C.C., Millar,
A.H. and Ecker, J.R. (2008) Highly integrated single-base resolution maps
of the epigenome in Arabidopsis. Cell, 133, 523–536.
Liu, B., Yuan, J., Yiu, S.M. et al. (2012) COPE: an accurate k-mer-based pair-
end reads connection tool to facilitate genome assembly. Bioinformatics,
28, 2870–2874.
Lopez-Obando, M., Conn, C.E., Hoffmann, B., Bythell-Douglas, R., Nelson,
D.C., Rameau, C. and Bonhomme, S. (2016) Structural modelling and
transcriptional responses highlight a clade of PpKAI2-LIKE genes as can-
didate receptors for strigolactones in Physcomitrella patens. Planta, 243,
1441–1453.
Love, M.I., Huber, W. and Anders, S. (2014) Moderated estimation of fold
change and dispersion for RNA-seq data with DESeq2. Genome Biol. 15,
550.
Lunde, C., Drew, D.P., Jacobs, A.K. and Tester, M. (2007) Exclusion of Na+
via sodium ATPase (PpENA1) ensures normal growth of Physcomitrella
patens under moderate salt stress. Plant Physiol. 144, 1786–1796.
Mashiguchi, K., Sasaki, E., Shimada, Y., Nagae, M., Ueno, K., Nakano, T.,
Yoneyama, K., Suzuki, Y. and Asami, T. (2009) Feedback-regulation of
strigolactone biosynthetic genes and strigolactone-regulated genes in
Arabidopsis. Biosci. Biotechnol. Biochem. 73, 2460–2465.
Matasci, N., Hung, L.-H., Yan, Z. et al. (2014) Data access for the 1,000 Plants
(1KP) project. GigaScience, 3, 17.
Mayzlish-Gati, E., LekKala, S.P., Resnick, N., Wininger, S., Bhattacharya, C.,
Lemcoff, J.H., Kapulnik, Y. and Koltai, H. (2010) Strigolactones are posi-
tive regulators of light-harvesting genes in tomato. J. Exp. Bot. 61, 3129–
3136.
Niklas, K.J., Cobb, E.D. and Matas, A.J. (2017) The evolution of hydrophobic
cell wall biopolymers: from algae to angiosperms. J. Exp. Bot. 68, 5261–
5269
O’Donoghue, M.T., Chater, C., Wallace, S., Gray, J.E., Beerling, D.J. and
Fleming, A.J. (2013) Genome-wide transcriptomic analysis of the sporo-
phyte of the moss Physcomitrella patens. J. Exp. Bot. 64, 3567–3581.
Ortiz-Ramirez, C., Hernandez-Coronado, M., Thamm, A., Catarino, B., Wang,
M., Dolan, L., Feijo, J.A. and Becker, J.D. (2016) A Transcriptome Atlas of
Physcomitrella patens Provides Insights into the Evolution and Develop-
ment of Land Plants. Mol. Plant, 9, 205–220.
Rama Reddy, N.R., Mehta, R.H., Soni, P.H., Makasana, J., Gajbhiye, N.A.,
Ponnuchamy, M. and Kumar, J. (2015) Next generation sequencing and
transcriptome analysis predicts biosynthetic pathway of sennosides from
senna (Cassia angustifolia Vahl.), a non-model plant with potent laxative
properties. PLoS ONE, 10, e0129422.
Regmi, K.C., Li, L. and Gaxiola, R.A. (2017) Alternate modes of photosyn-
thate transport in the alternating generations of Physcomitrella patens.
Fron. Plant Sci. 8, 1956.
Renault, H., Alber, A., Horst, N.A. et al. (2017) A phenol-enriched cuticle is
ancestral to lignin evolution in land plants. Nat. Commun. 8, 14713.
Rensing, S.A., Lang, D., Zimmer, A.D. et al. (2008) The Physcomitrella gen-
ome reveals evolutionary insights into the conquest of land by plants.
Science, 319, 64–69.
Reski, R. and Abel, W.O. (1985) Induction of budding on chloronemata and
caulonemata of the moss, Physcomitrella patens, using isopenteny-
ladenine. Planta, 165, 354–358.
Robinson, M.D., McCarthy, D.J. and Smyth, G.K. (2010) edgeR: a Biocon-
ductor package for differential expression analysis of digital gene expres-
sion data. Bioinformatics, 26, 139–140.
Sakakibara, K., Nishiyama, T., Deguchi, H. and Hasebe, M. (2008) Class 1
KNOX genes are not involved in shoot development in the moss Physco-
mitrella patens but do function in sporophyte development. Evol. Devel.
10, 555–566.
Schaefer, D.G. and Zr€yd, J.P. (1997) Efficient gene targeting in the moss
Physcomitrella patens. Plant J. 11, 1195–1206.
Schmieder, R. and Edwards, R. (2011) Quality control and preprocessing of
metagenomic datasets. Bioinformatics, 27, 863–864.
© 2018 The Authors
The Plant Journal © 2018 John Wiley & Sons Ltd, The Plant Journal, (2018), 95, 168–182
An RNA-seq transcriptome for Physcomitrella patens 181
Schurch, N.J., Schofield, P., Gierlinski, M. et al. (2016) How many biological
replicates are needed in an RNA-seq experiment and which differential
expression tool should you use? RNA, 22, 839–851.
Sharma, N., Jung, C.-H., Bhalla, P.L. and Singh, M.B. (2014) RNA Sequenc-
ing Analysis of the Gametophyte Transcriptome from the Liverwort,
Marchantia polymorpha. PLoS ONE, 9, e97497.
Singer, S.D. and Ashton, N.W. (2007) Revelation of ancestral roles of KNOX
genes by a functional analysis of Physcomitrella homologues. Plant Cell
Rep. 26, 2039–2054.
Song, L., Shankar, D.S. and Florea, L. (2016) Rascaf: improving Genome
Assembly with RNA Sequencing Data. Plant Genome, 9, https://doi.org/
10.3835/plantgenome2016.03.0027.
Stevenson, S.R., Kamisugi, Y., Trinh, C.H. et al. (2016) Genetic analysis of
Physcomitrella patens identifies ABSCISIC ACID NON-RESPONSIVE, a
regulator of ABA responses unique to basal land plants and required for
desiccation tolerance. Plant Cell, 28, 1310–1327.
Sz€ovenyi, P., Rensing, S.A., Lang, D., Wray, G.A. and Shaw, A.J. (2011) Gen-
eration-biased gene expression in a bryophyte model system. Mol. Biol.
Evol. 28, 803–812.
Sz€ovenyi, P., Perroud, P.F., Symeonidi, A., Stevenson, S., Quatrano, R.S.,
Rensing, S.A., Cuming, A.C. and McDaniel, S.F. (2015) De novo assembly
and comparative analysis of the Ceratodon purpureus transcriptome.
Mol. Ecol. Resour. 15, 203–215.
Tarazona, S., Garcia-Alcalde, F., Dopazo, J., Ferrer, A. and Conesa, A. (2011)
Differential expression in RNA-seq: a matter of depth. Genome Res. 21,
2213–2223.
Tsujimoto, R., Yamazaki, H., Maeda, S.-I. and Omata, T. (2007) Distinct roles
of nitrate and nitrite in regulation of expression of the nitrate transport
genes in the moss Physcomitrella patens. Plant Cell Physiol. 48, 484–497.
de Vries, J., de Vries, S., Slamovits, C.H., Rose, L.E. and Archibald, J.M.
(2017) How embryophytic is the biosynthesis of phenylpropanoids and
their derivatives in streptophyte algae? Plant Cell Physiol. 58, 934–945.
Waldie, T., McCulloch, H. and Leyser, O. (2014) Strigolactones and the con-
trol of plant development: lessons from shoot branching. Plant J. 79,
607–622.
Widiez, T., Symeonidi, A., Luo, C., Lam, E., Lawton, M. and Rensing, S.A.
(2014) The chromatin landscape of the moss Physcomitrella patens and
its dynamics during development and drought stress. Plant J. 79, 67–81.
Wu, T.D. and Nacu, S. (2010) Fast and SNP-tolerant detection of complex
variants and splicing in short reads. Bioinformatics, 26, 873–881.
Xiao, L., Wang, H., Wan, P., Kuang, T. and He, Y. (2011) Genome-wide tran-
scriptome analysis of gametophyte development in Physcomitrella
patens. BMC Plant Biol. 11, 177.
Zhang, G., Guo, G., Hu, X. et al. (2010) Deep RNA sequencing at single
base-pair resolution reveals high complexity of the rice transcriptome.
Genome Res. 20, 646–654.
Zhang, Z.H., Jhaveri, D.J., Marshall, V.M. et al. (2014) A comparative study
of techniques for differential expression analysis on RNA-Seq data. PLoS
ONE, 9, e103207.
Zhang, Z., He, Z., Xu, S., Li, X., Guo, W., Yang, Y., Zhong, C., Zhou, R. and
Shi, S. (2016) Transcriptome analyses provide insights into the phy-
logeny and adaptive evolution of the mangrove fern genus Acrostichum.
Sci. Rep. 6, 35634.
Zhu, Y., Chen, L., Zhang, C., Hao, P., Jing, X. and Li, X. (2017) Global tran-
scriptome analysis reveals extensive gene remodeling, alternative splic-
ing and differential transcription profiles in non-seed vascular plant
Selaginella moellendorffii. BMC Genom. 18, 1042.
© 2018 The Authors
The Plant Journal © 2018 John Wiley & Sons Ltd, The Plant Journal, (2018), 95, 168–182
182 Pierre-Francois Perroud et al.
54 
5.3 PEATmoss (Physcomitrella Expression Atlas Tool): a unified gene expression atlas 
for the model plant Physcomitrella patens 
 
To understand the function of a gene and its role in the genome, expression data is indispensable. 
Within the last decade, including this study, hundreds of P. patens expression datasets were published 
(Busch et al., 2013, Hiss et al., 2014, Beike et al., 2015, Ortiz-Ramírez et al., 2016, Hiss et al., 2017, 
Possart et al., 2017, Perroud et al., 2018, Arif et al., 2019). However, three main issues arise while 
comparing these individual expression sets. The first challenge is data availability. Most datasets use 
different repositories. There are commercial tools like Genevestigator have restricted usability for non-
paying customers. The second is that available tools have different visualization methods, different 
advantages and limitations. The last issue to solve is that three different platform approaches were 
used to generate expression data. The older datasets were performed on CombiMatrix and NimbleGen 
microarray platforms. RNA-seq, sequenced by Illumina machines, is the basis for the most recent 
expression dataset. The comparability depends strongly on the chosen normalization method. An even 
bigger issue as the normalization, are the differently used gene annotation versions. The gene model 
annotation is updated regularly. As mentioned above, the microarray data is older than the RNA-seq 
data. CombiMatrix analyses were performed on P. patens gene annotation version 1.2, while all 
NimbleGen data were designed on version 1.6. For the analysis of the RNA-seq data, the current 
version 3.3 was used. While RNA-seq data can be assigned to each genome annotation version, 
microarray datasets are bound to their annotation version the array was designed for. During the 
version update process, several gene features were updated. Hundreds of gene models were split, 
merged, shortened, expanded or simply removed. The gene identifier changed often. To reflect the 
old gene models on new versions, version lookup data is obligatory. 
Our web-based Physcomitrella Expression Atlas Tool (PEATmoss) solves the majority of the previously 
described issues. Accessibility issues of datasets solved by PEATmoss. It is designed to host all kinds of 
expression datasets, even if the expression data arrived from microarray or RNA-seq (Paper 5.3, page 
3). The next issue was solved with the implemented gene version lookup database (PpGML) (Paper 5.3, 
page 7f). Different annotation versions no longer inhibit the usability of the expression data. The last 
point belongs to the comparability of expression data across platforms. Therefore, a gene set 
normalization method was recently developed (Supporting information 9.3.2) and will be implemented 
soon.  
The core of PEATmoss is the 3D expression cube (Paper 5.3, page 4). Gene expression levels for 
different tissues and treatments are indicated by colour code and animated numbers. More 
information can be displayed by clicking on specific genes. Further links to established databases like 
the NCBI, Ensembl Plants (Kersey et al., 2016), SwissProt (UniProt Consortium, 2018) and many more 
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help to collect as much information as possible (Paper 5.3, page 8). The JGI Phytozome database 
(Goodstein et al., 2012) and CyVerse CoGe (Lyons and Freeling, 2008) play a special role. Most of the 
RNA-seq samples present in PEATmoss are related to the JGI Gene Atlas project. All P. patens V3 
genome-related sequence experiments are hosted at CoGe. Implemented tools like BLAST (Altschul et 
al., 1997) or DEG calling (Tarazona et al., 2015) complete the functionality of PEATmoss. 
PEATmoss is our tool to make all my analysed RNA-seq expression data publicly available. Additionally, 
the different datasets, as well as the different gene annotation versions can be compared with each 
other. 
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SUMMARY
Physcomitrella patens is a bryophyte model plant that is often used to study plant evolution and develop-
ment. Its resources are of great importance for comparative genomics and evo-devo approaches. However,
expression data from Physcomitrella patens were so far generated using different gene annotation versions
and three different platforms: CombiMatrix and NimbleGen expression microarrays and RNA sequencing.
The currently available P. patens expression data are distributed across three tools with different visualiza-
tion methods to access the data. Here, we introduce an interactive expression atlas, Physcomitrella Expres-
sion Atlas Tool (PEATmoss), that unifies publicly available expression data for P. patens and provides
multiple visualization methods to query the data in a single web-based tool. Moreover, PEATmoss includes
35 expression experiments not previously available in any other expression atlas. To facilitate gene expres-
sion queries across different gene annotation versions, and to access P. patens annotations and related
resources, a lookup database and web tool linked to PEATmoss was implemented. PEATmoss can be
accessed at https://peatmoss.online.uni-marburg.de
Keywords: Physcomitrella patens, expression atlas, RNA-seq, bioinformatics, evolution, development, plant
hormones, light, annotation.
INTRODUCTION
Physcomitrella patens is a bryophyte model plant essential
for the study of plant evolution. As a bryophyte, its sister
position to vascular plants is of special interest to perform
evolutionary developmental (evo-devo) approaches (Rens-
ing, 2017, 2018). The P. patens life cycle is predominantly
haploid (Figure 1), facilitating functional genomics studies
via homologous recombination or genome editing to
understand gene function in the plant.
The available genomic and transcriptomic resources for
bryophytes and streptophyte algae, key species to under-
stand the transition from water to land of plant ancestors,
are under-represented in comparison to angiosperms
(Rensing, 2017). The V1 draft genome sequence and anno-
tation of P. patens have been available since 2008 (Rensing
et al., 2008). Continuous work for 10 years to improve the
resources and knowledge about P. patens resulted in the
V3 chromosome-scale genome assembly and the most
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recent gene annotation v3.3 (Lang et al., 2018). These
resources make P. patens one of the best studied non-seed
plants and a good reference for comparative genomics,
especially in cross-lineage studies. As such, it is one of the
plant flagship species tackled in the US DOE gene atlas
project (Perroud et al., 2018). However, the available gene
expression data for P. patens are fragmented in three web
tools/databases, comprising 77 experiments to date in the
eFP Browser (Winter et al., 2007; Ortiz-Ramirez et al., 2016),
Genevestigator (Hruz et al., 2008) and Phytozome (Good-
stein et al., 2012), each with different advantages and limi-
tations. We use the term experiment for all replicates
generated from the same experimental condition.
The eFP (electronic fluorescent pictograph) Browser for
P. patens (http://bar.utoronto.ca/efp_physcomitrella/cgi-bin/
efpWeb.cgi) displays the expression values as coloured
cartoons representing the plant or plant parts, in which dif-
ferent colours represent different expression values.
Expression values can also be displayed as bar plots.
However, in the eFP Browser, only one gene can be quer-
ied at a time or the relative expression of two genes can be
compared using a different colour scale. No information
about the expression values of replicates is shown. Only
one data set is currently available at the eFP Browser. This
data set contains 11 experiments (three replicates each)
based on the gene annotation v1.6 and NimbleGen
microarray (Ortiz-Ramirez et al., 2016), representing most
of the developmental stages of the P. patens life cycle (Fig-
ure 1).
Alternatively, the commercial distribution of Genevestiga-
tor (https://genevestigator.com/) contains many tools for
expression visualization of multiple genes. However, the free
version is limited to only few basic visualization plots and
only one gene per query. It contains 34 experiments (varying
levels of replication), based on the gene annotation v1.2 and
CombiMatrix microarray, under different conditions of light,
pH, hydration/dehydration and biotic stress as well as hor-
mone treatments (Busch et al., 2013; Hiss et al., 2014).
Figure 1. Physcomitrella patens life cycle. All stages available in PEATmoss are included. All developmental stages are haploid except the sporophyte. The
embryo/sporophyte development is divided in the stages Embryo 1 (E1), Embryo 2, Early sporophyte (ES), Early sporophyte 1 (ES1), Pre-meiotic – Meiotic sporo-
phyte (PM-M) and Yellow, Light Brown and Brown sporophyte (Y-LB-B) based on developmental stages defined in (Hiss et al., 2017). R! in the sporophyte devel-
opment stands for reduction cell division after meiosis, when haploid spores are formed.
© 2019 The Authors.
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The third database with P. patens expression data is Phy-
tozome (https://phytozome.jgi.doe.gov/). Here, the expres-
sion values of a single gene can be visualized in a table,
together with the experiment name and a tag for high or
low expressed genes. A very useful feature on the Phyto-
zome expression tab is to show the list of co-expressed
genes and their correlation value for the query gene. This
feature is helpful for finding genes that might be involved in
similar biological processes to the query gene (Ruprecht
et al., 2017). Phytozome includes 32 P. patens RNA-seq
experiments (three replicates each), based on the most
recent v3.3 gene annotation, and representing multiple con-
ditions such as developmental stages, light perturbation,
dehydration and hormone application (Perroud et al., 2018).
Here we introduce PEATmoss (Physcomitrella Expres-
sion Atlas Tool), a gene expression atlas to unify the
expression data of P. patens. This web tool is based on the
well accepted Tomato Expression Atlas (Fernandez-Pozo
et al., 2017), is comprised of 109 experiments, provides
multiple visualization methods and is available at
https://peatmoss.online.uni-marburg.de.
A current limitation of P. patens data is that published
resources are based on different gene annotation versions.
Using the lookup table (Supporting Information Data S1)
from Perroud et al. (2018) it is possible, but awkward, to
look up genes across annotation versions. For that reason,
a database to easily convert between gene annotation ver-
sions and to access to P. patens annotations and sequences
was developed and is accessible through PEATmoss.
RESULTS
Data sets available in PEATmoss
PEATmoss unifies in one single tool P. patens expression
data from CombiMatrix and NimbleGen expression
microarrays and RNA-seq, containing 109 experiments
organized into nine data sets (Table 1). PEATmoss includes
35 experiments (replicate sets) in addition to the 74 experi-
ments also available in the eFP Browser, Genevestigator,
and Phytozome.
The data sets contain experiments from the ecotypes
Gransden and Reute, and 17 different tissues including
protoplasts and most of the P. patens life cycle develop-
mental stages (Figure 1). Among these are dry spores,
imbibed spores, germinating spores, protonema, caulo-
nema, chloronema, juvenile gametophores, rhizoids, leaf-
lets (phyllids), adult gametophores (including sexual
organs), archegonia (female reproductive organs) and
sporophyte development stages (Figure 1).
In PEATmoss, many experimental conditions can be
found, such as hormone treatments (abscisic acid (ABA),
auxin, GA9, strigolactone, OPDA), light perturbations (dark-
ness, low light, high light, continuous light, UV-B light,
blue light, red light, far red light, sunlight), abiotic stresses
(PO4 deficiency, ammonium, cold stress, heat stress, dehy-
dration, rehydration, pH 4.5) and biotic stresses or biotic
interactions (Botrytis cinerea, Rhizophagus irregularis exu-
date, Gigaspora margerita exudate).
Raw data from other expression experiments for P.
patens are available in public repositories such as the
Sequence Read Archive (SRA) (Leinonen et al., 2011), but it
is not the present goal of PEATmoss to include all of these.
Experiments for multiple treatments, developmental stages,
and media were selected, knock-out experiments were not
considered. In the future more experiments including addi-
tional treatments or tissues will be included.
Expression data included in PEATmoss and not available
in other tools
PEATmoss includes 35 expression experiments not avail-
able in any other expression atlas. RNA-seq experiments for
developmental stages from Gransden and Reute ecotypes
(Table 1, note †1) and for a phosphate deficiency time series
were made available with PEATmoss (Table 1, note †2). For
expression microarrays, gene expression data are included
for mycorrhiza experiments (Table 1, note †4) as well as
Table 1 Expression data sets for Physcomitrella patens in PEAT-
moss
Data set name Experiments Publication
RNA-seq
developmental stages




4 Perroud et al. (2018)
RNA-seq protonema
treatments










9 Hiss et al. (2017)†3, and








18 Hiss et al. (2014), Beike
et al. (2015)†3, and
Possart et al. (2017)†3
CombiMatrix detached
leaflet development
11 Busch et al. (2013) and




7 Hiss et al. (2014) and Arif
et al., (2019)†3
†1Includes spores for Gransden ecotype and protonema, juvenile
and adult gametophores for Reute ecotype.
†2Time series in control conditions and phosphate deficiency.
†3Published data but not previously included in any other expres-
sion atlas.
†4Mycorrhizal fungi interaction experiment including Rhizophagus
irregularis and Gigaspora margerita exudates.
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published data not available in any other expression tool
(Table 1, note †3). These data are from the early response to
ABA (Arif et al., 2019), response to red light experiments
(Possart et al., 2017), response to cold stress (Beike et al.,
2015) and from Reute ecotype gametophore and sporo-
phyte developmental stages (Hiss et al., 2017).
Developmental stage experiments
Five experiments not available in other expression tools
were included in the RNA-seq developmental stages data
set (Table 1, note †1). Among these there are dry spores (two
replicates) and imbibed spores (one replicate) from Grans-
den ecotype, and protonema in Knop liquid, juvenile game-
tophores and adult gametophores on Knop solid from Reute
ecotype (three replicates each). The Reute ecotype has
recently been introduced as a tool to study sexual reproduc-
tion, since many laboratories report fertility problems of
their Gransden strains (Hiss et al., 2017; Perroud et al., 2019).
ABA early response experiment
A time series experiment to study early molecular
response to the phytohormone ABA at 30, 60 and 180 min
is included in PEATmoss (Arif et al., 2019). These experi-
ments using the CombiMatrix expression microarray were
generated to study cell wall thickening and related mor-
phological changes in response to ABA (Arif et al., 2019).
Of note, at 180 min the developmental decision to form
brachycytes or brood cells (vegetative diaspores) has
already been made. The ABA differentially expressed
genes (DEGs) show a high level of overlap with those dif-
ferentially expressed upon stresses such as UV-B, drought
and cold (Arif et al., 2019).
Arbuscular mycorrhizal fungi (AMF) interaction
experiments
Experiments for the AMF Gigaspora margerita and Rhizoph-
agus irregularis (Hanke et al., in preparation) are available
exclusively in PEATmoss (Table 1, note †4). The co-evolution
between AMF and bryophytes was probably instrumental in
the transition of plants to land (Rensing, 2018), the symbio-
sis probably evolved in the last common ancestor of land
plants. Although P. patens is not known to mutualistically
interact with these fungi, it possesses the conserved sig-
nalling cascade (Delaux et al., 2015), which prompted to
analyze the molecular response to fungal exudates. For this
aim, experiments of a control exudate without AMF, with R.
irregularis exudate after 1 and 24 h, and with G. margerita
exudate after 24 h were generated using NimbleGen
expression microarrays (Hanke et al., in preparation).
The Expression Atlas Web Tool
PEATmoss not only unifies the expression data from P.
patens available in several other tools, but also provides
the user with multiple visualization methods and other
features that facilitate finding expression patterns in the
data. PEATmoss is based on the Tomato Expression Atlas
(Fernandez-Pozo et al., 2017), hence similar tools and fea-
tures can be used. Three different input types are possible
in PEATmoss: using a gene ID, a BLAST search (Altschul
et al., 1997) or a list of genes. Additionally, for better visu-
alization, experiments from the data sets can be filtered by
the user to display only experiments for the selected treat-
ments, ecotypes, media, stages or tissues. The expression
colour scale can be changed to get higher resolution in
specific ranges of expression, for example to better
observe differences for genes in similar ranges of expres-
sion or for very low or very highly expressed genes where
the default colour scale does not provide enough resolu-
tion. PEATmoss offers six visualization methods to explore
expression data that are detailed below. Furthermore,
PEATmoss is able to automatically convert the input gene
name to the gene version needed to query any data set by
connecting in the background to the Physcomitrella patens
gene model lookup database (PpGML DB, see below).
PEATmoss expression cube
The main output view is a 3D cube where the expression of
multiple genes can be compared simultaneously (Figure 2).
This is an advantage over other expression visualization
tools, since the commercial version of Genevestigator is
the only one of the tools mentioned before where multiple
gene comparison is possible and several visualization
methods are available. The expression cube shows the
expression for the query gene and co-expressed genes
when searching by gene ID. In the case of using BLAST or
the custom list, a selection of the best hits from BLAST or
the list of genes provided in the custom list will be dis-
played as the layers of the cube, respectively.
PEATmoss bar plots
Clicking on a layer of the cube will open a bar plot with the
expression values of the gene that the layer refers to (Fig-
ure 3). Several bar plots from multiple genes can be opened
simultaneously to facilitate gene expression comparison.
Bar plots contain standard error (SE) bars to show replicate
variability from each experiment. Moreover, a transpose
button allows the user to transpose the bar plots to change
treatments and stages from the x-axis to coloured categories
and vice versa. Gene names in the bar plots are linked to
multiple annotations via the PpGMLDB (see below).
PEATmoss expression data downloading
The button ‘Download Expression Data’ on the top-left of
the expression cube (Figure 2) will create a tabular text file
with the expression data from all the genes and experi-
ments in the cube, including all co-expressed genes from
all pages and correlation values and functional descrip-
tions. This format can be easily imported in a spreadsheet
© 2019 The Authors.
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Figure 2. PEATmoss Expression Cube. On top of the cube the experiment treatments are displayed. On the diagonal top-left of the cube, experiment stages/tis-
sues and media are displayed. On the left of the cube gene names are displayed. On top of these, in blue, is the query gene and below are all the co-expressed
genes sorted by correlation value. The layers of the cube can be split and merged by clicking on gene names. The gene description and correlation value are dis-
played when moving the cursor over the gene name. At the bottom of the cube the pagination menu allows access to more co-expressed genes.
Figure 3. PEATmoss bar plots. Gene expression of gene Pp3c21_8300V3.1 on the left and the most correlated gene (0.84), with similar expression profile,
Pp3c2_14400V3.1, on the right.
© 2019 The Authors.
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to visualize genes as rows and expression values from
each experiment as columns and is easy to parse for bioin-
formatic analyses.
PEATmoss expression images
A fourth option to visualize gene expression is the expres-
sion images (Figure 4). As in the main visualization from
the eFP Browser, each tissue from the data set is repre-
sented by a drawing and coloured based on the expression
value of the query gene in that tissue. Expression images
were designed for PEATmoss, to represent all included tis-
sues and developmental stages of the P. patens life cycle
(Figure 1).
The expression image system is very flexible when add-
ing additional data sets, since the figures to represent
expression data are reusable and independent for each tis-
sue. Figures can represent the expression of one single tis-
sue or can be formed by combination of several drawings
to display the expression of multiple tissues in one single
image. This system makes the addition of additional data
straight forward.
PEATmoss heatmap
The hierarchical clustering heatmap will cluster all experi-
ments of the genes from the first page of the cube, that is
the query gene and the 14 co-expressed genes with high-
est correlation value (Figure 5). When accessing more
pages from expression cube pagination menu, the next
sets of 14 genes together with the query gene will be dis-
played. This output provides another way to visualize
expression data showing patterns by clustering the most
similar genes and experiments. Moving the cursor over the
heatmap will show gene, experiment and expression value
for each rectangle. Genes and/or experiments can be high-
lighted for a better visualization, and any region can be
selected to zoom in to see it in more detail.
PEATmoss scatterplots
The ‘scatterplots’ feature enables users to visualize and
compare the expression of all genes in the database for
any two selected experiments (squares in blue in Fig-
ure 6a). The scatterplot’s x-axis and y-axis represent the
gene expression levels in each of the two experiments,
and each gene is plotted as a point in relation to these axes
(Figure 6b). When plotting many genes, the density of
points can make it difficult to clearly distinguish individual
points. Here, the user has the ability to zoom in on a por-
tion of the plot by clicking and dragging the mouse to
highlight an area for closer examination (Figure 6c). Reset-
ting the zoom is achieved by a single click anywhere on
the plot. By hovering the mouse over an individual point,
the user can see the gene ID and the exact expression
value in each experiment (Figure 6d). This allows the user
to readily identify, for example, genes that have high
Figure 4. PEATmoss Expression images. Example from the data set NimbleGen Ortiz-Ramirez et al. (2016) showing different expression values represented by
different colours in 10 tissues/developmental stages.
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expression in one experiment and low expression in the
other. Therefore, users can visually explore the relative
expression of genes in any pair of experiments.
PEATmoss DEGs
Using the PEATmoss DEGs tab it is possible to select two
experiments from a data set to calculate differentially
expressed genes between them. To perform this statistical
test, the R package NOISeq (Tarazona et al., 2015) is used
with a probability threshold of q > 0.9 and biological repli-
cate normalized expression values; FPKM or microarray nor-
malized expression data (stored in PEATmoss), as in Perroud
et al. (2018), in which NOISeq best represented the overlap
of DEGs from EdgeR (Robinson et al., 2010), DESeq2 (Love
et al., 2014) and NOISeq. If DEGs are calculated, results are
stored in PEATmoss to make them available for future
queries, thereby it is possible to display results in a fast way
for all comparisons previously calculated.
P. patens gene model lookup database (PpGML DB)
There are six microarray data sets available in PEATmoss,
and some of them are also available in the eFP browser
and Genevestigator. However, these data used probes
based on gene models and gene names from previous
genome annotation versions. The data from NimbleGen
microarray technology are based on the annotation version
1.6 and the data from CombiMatrix microarray technology
are based on version 1.2. When gene versions are different
between expression data sets, it is hard to find information
and make comparisons, for example, if we are interested
in expression values from microarray platforms for a query
gene from the current genome version and annotation, or
vice versa. For that reason, PEATmoss is connected to the
PpGML DB to automatically lookup genes from different
versions. Any gene from any gene version can be used to
query any of the PEATmoss data sets. The tool will search
for the equivalent gene version needed for the selected
data set in the PpGML DB and will display the results for
the correct gene version. In case of multiple matches, a list
of all the matched genes is displayed.
This database also enables the search for genes or anno-
tations, conversion of gene IDs to multiple versions, and
retrieval of annotation and sequences for a custom list of
genes. Each gene contains descriptions and links for best
BLAST hits in NCBI Nr (https://blast.ncbi.nlm.nih.gov/Bla
st.cgi), SwissProt (UniProt Consortium, 2018) and TAIR
Figure 5. PEATmoss heatmap clustering. The query gene and the top 14 co-expressed genes are displayed on the right. Experiment names are listed at the bot-
tom and hierarchical clustering trees are shown at the top, for experiments, and on the left for genes.
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(Berardini et al., 2015). Genes are also linked to their infor-
mation in Phytozome (Goodstein et al., 2012), PLAZA (Van
Bel et al., 2018), Ensembl Plants (Kersey et al., 2016), CoGe
(Lyons and Freeling, 2008), TAPscan (Wilhelmsson et al.,
2017), Phytozome and Ensembl genome browsers and the
expression data in PEATmoss. In addition, many P. patens
resources from multiple versions such as genome, protein,
CDS and transcript sequences and GFF files are available
for downloading at the PpGML DB. A BLAST tool is imple-
mented linking the output to the gene annotation pages
and with the possibility of downloading the results in
BLAST tabular format.
PEATmoss customization
As mentioned before, PEATmoss is based on the Tomato
Expression Atlas (TEA), so changes were made in the TEA
source code, and they are applied in TEA, PEATmoss and
all the tools based on TEA that regularly update the code
from GitHub. For example, the application to calculate
DEGs was developed for PEATmoss and it is available for
TEA just updating the code. PEATmoss was customized to
adapt TEA code and style to the needs of the P. patens
data. The website contains detailed descriptions of the
data sets with links to their publications and help pages to
learn how to use the tool, including a set of videos about
PEATmoss and the PpGML DB (https://peatmoss.online.
uni-marburg.de/help).
Phosphate deficiency time series – an example data
analysis based on PEATmoss
Phosphorus is a limiting nutrient for plants because of its
low availability and mobility in soils (Abel et al., 2002).
Therefore, phosphate (PO4) deficiency is a common abiotic
stress in plants which contributes to reduced crop produc-
tivity (Schachtman et al., 1998; Lynch and Brown, 2008)
and alters global transcriptome profiles in vascular plants
(Misson et al., 2005; Zheng et al., 2009; Takehisa et al.,
2013). Inorganic phosphate (Pi) deficiency has been inten-
sively studied in seed plants unravelling genes that con-
tribute to the Pi deficiency signalling cascade (Schachtman
and Shin, 2007; Rubio et al., 2009; Lin et al., 2011). Here,
we investigate Pi deficiency of filamentous, tip-growing
protonemata across three time points [1, 5 and 10 days
post transfer (dpt) into Pi-deficient medium] and analyze
their global molecular responses with the PEATmoss soft-
ware tool (Table 1, note †2).
First, DEGs were calculated in PEATmoss comparing Pi
deficiency condition versus the corresponding control for
the three time points. Subsequently, DEGs found were
queried in the ‘Find gene versions and annotations for a
list of genes’ function of the PpGML DB, selecting the
check boxes for gene annotation version 3.3 and ‘show
annotations’ (resulting in descriptions to the closest ortho-
logues in SwissProt, Phytozome, NCBI Nr and TAIR being
displayed and downloaded in one click). To facilitate
Figure 6. PEATmoss scatterplots. (a) Scatterplot experiment selection. (b) Scatterplot with gene expression values of all genes from two selected experiments.
(c) An area of the scatterplot highlighted in order to zoom in. (d) Zoomed in view of area near the y-axis, showing expression values and name for one gene with
high expression in one experiment and low expression in the other.
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discussions about gene function, annotations were added
to the DEGs (Table S1).
The gene Pp3c21_8300V3.1, found as a DEG downregu-
lated in all time points and annotated as a ‘plasma mem-
brane iron permease’, was queried in PEATmoss (data set
RNA-seq protonema treatments). In PEATmoss Cube (Fig-
ure 2), this gene is shown on the top, in blue. Below it, the
top 14 co-expressed genes with most similar expression
profiles are displayed. In total, 25 genes were found to be
correlated to the query gene. There are 14 genes with cor-
relation values over 0.75, of those 10 genes were DEGs in 5
and 10 days of Pi deficiency, demonstrating the usefulness
of the co-expression data. Among the correlated genes
(with similar expression profile to the query gene) many
annotations related to the effects of Pi starvation were
found. Some examples are a plasma membrane iron per-
mease, a chlorophyll a–b binding protein of LHCII, a ferric
reductase, and a glutaredoxin s17, which are related to
functions altered in phosphate deficiency such as iron
homeostasis, photosynthesis, redox balance and reactive
oxygen species (ROS) (Hirsch et al., 2006; Bournier et al.,
2013; Hernandez and Munne-Bosch, 2015; Carstensen
et al., 2018).
The top ranked gene Pp3c2_14400V3.1 (Figure 2), with a
correlation value of 0.84, shows a very similar expression
profile to the query gene (Figure 3). This gene is clearly
downregulated under Pi deficiency conditions but there
are no annotations available and its function is unknown,
even though it shows similarities in many other species
in NCBI nr database. This gene could be a good candidate
for further studies to understand the function of genes
related to Pi starvation and is a good example of how
PEATmoss can assist researchers to visualize expression
data for finding genes of interest when no annotations
are available.
Looking at the 5 days Pi time point using the PEATmoss
scatterplot function (Figure 6a), it is easy to spot some genes
with high expression differences between treatment and
control (Figure 6b). For example, with 1,416 FPKM in the con-
trol and 25 FPKM at 5 dpt, the gene Pp3c15_10680V3.1 (Fig-
ure 6b) is found, annotated as a plasma membrane iron
permease, previously found as correlated with
Pp3c21_8300V3.1 (Figure 2) and identified as a downregu-
lated DEG at 5 dpt (Table S1). To find genes with high
expression after 5 days of Pi deficiency and low expression
in control conditions, the scatterplot was zoomed in to
50 9 300 (Figure 6c, d). Some examples found are
Pp3c10_5660V3.1 (Figure 6d) and Pp3c12_20160V3.1, anno-
tated as a LEA protein and an ABC transporter in the PpGML
DB, and both identified as upregulated DEGs at 5 dpt
(Table S1).
Looking more closely into the DEGs, Pi deficiency for one
day (1 dpt) is apparently causing only minor stress to the
plant, which differentially changes the expression of a few
genes (11 were over-expressed and eight under-expressed:
Table S1). Four DEGs at 1 dpt are annotated as transporters.
One of them is upregulated (heavy-metal transporter,
Pp3c25_11360V3.1) and three downregulated (iron trans-
porter, Pp3c21_8300V3.1; inorganic phosphate transporter,
Pp3c6_26510V3.1 and ABC transporter, Pp3c14_2470V3.1).
These alterations in transporter transcription might prepare
the plant for altered ion flux and to keep the homeostasis of
the cells after the disequilibrium caused by the Pi deficiency.
The upregulation of an alpha-amylase (Pp3c13_20160V3.1)
might be linked to an intrinsic metabolic change to mobilize
carbon from the starch reservoir to reduce the needs of car-
bon produced by photosynthesis. Gene Ontology (GO) bias
analyses were performed to support the DEG results found
in PEATmoss. This analyses showed ‘amylase activity’ as
significant Molecular Function (MF) term, whereas the
downregulation of the transporters led to a significant GO
term enrichment in the GO domain MF for ‘transmembrane
transporter activity’ (Table S2).
At 5 dpt the highest number of DEGs were found (337
up; 34 down; Table S1). The highly significant enriched GO
terms (significance level < 0.0001) in the GO domain Bio-
logical Process (BP) indicate a severe stress (‘response to
stress’, ‘response to external stimulus’; Table S3). Multiple
DEGs annotated as calmodulin and calcium binding pro-
teins might be related to signalling as a response to the Pi
deficiency stress, as observed in other abiotic stresses
(Zeng et al., 2015; Wang et al., 2018). This signal could be
associated with a mobilization of Pi from the vacuole (Liu
et al., 2011; Chien et al., 2018; Xu et al., 2019), and is sup-
ported by five DEGs associated with the vacuole (Table S1)
and the upregulated cellular component (CC) GO term ‘en-
domembrane system’ (Table S3). The abundance of the
GO term ‘ion transport’ for the up- and downregulated
DEGs shows the plant adaptation to the altered ion status.
One member of the PHO1-like proteins (Pp3c3_10280V3.1)
was found among the upregulated genes, and has been
shown earlier to be important for the adaptation to Pi defi-
ciency (Wang et al., 2008). Pp3c7_22280V3.1 (ADP-Glc
pyrophosphorylase), an orthologue of A. thaliana APS1
reported to be important for the plant under Pi deficiency
conditions (Wang et al., 2008), might contribute to starch
synthesis. Many transcription factors (TF) from the AP2
and RING finger families are among the DEGs at 5 dpt and
might play a role in ubiquitination of proteins for degrada-
tion (Mizoi et al., 2012; Rodriguez-Celma et al., 2019). Many
of these TFs contain GO terms associated with ‘cell death’
and ‘immune response’. Many chaperones and LEA pro-
teins are also activated (Table S1), which could be involved
in the degradation and stability of proteins. Furthermore,
many DEGs and GO terms are related to phospholipids
and cell wall, which might indicate the degradation of mul-
tiple components of the cell to recycle phosphate and car-
bon (Liao et al., 2011; Nakamura, 2013; Pant et al., 2015;
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Zhang et al., 2016). The significantly enriched GO terms for
CC indicate that the ongoing adaptation at 5 dpt takes pri-
marily place at the plasma membrane, the endomembrane
and the Golgi apparatus (Table S3). Four ethylene respon-
sive TF DEGs and GO terms associated with jasmonic acid
(JA) and salicylic acid (SA) response were found to be
upregulated at 5dpt. These plant hormones are known to
be associated with phosphate deficiency and transport
(Wang et al., 2014; Song and Liu, 2015; Khan et al., 2016).
After 10 days of Pi deficiency, the plant seems to be
more adapted to the stress and the number of DEGs is
reduced to 144 (70 up; 74 down; Table S1). Among the
three time points, 5 dpt and 10 dpt share the highest num-
ber of upregulated and downregulated genes (Figure S1),
which might indicate the slowdown of the adaptation pro-
cess to the constant external stimulus of Pi deficiency. The
same is true for the comparison of shared significantly
enriched GO terms. As for dpt 5, at dpt 10 the enriched GO
terms for BP indicate a response to external stimulus,
whereas the terms ‘phosphate’ and ‘starvation’ now
appear as individual categories. These findings are in
accordance with previous results (Wang et al., 2008) that
some genes can respond more slowly to Pi starvation con-
ditions (See Supporting results 1). As compared with 5
dpt, at 10 dpt the GO CC terms show a shift towards the
chloroplasts as the main actors for DEGs (Table S4). The
biggest changes found for 10 dpt were an alteration in the
photosynthesis and electron transport chain in the chloro-
plast (Tables S1 and S4), also observed in previous studies
in other plants (Hernandez and Munne-Bosch, 2015; Zhang
et al., 2016; Carstensen et al., 2018). The chloroplast as the
predominant organelle for DEGs at 10 dpt is also reflected
by the GO domain MF which highlights photosynthesis
related categories such as ‘electron carrier activity’, ‘xan-
thophyll binding’ and ‘chlorophyll binding’. Many DEGs
contain annotations related to the photosynthesis and the
electron transport chain such as cytochrome b6, photosys-
tems I and II proteins, chlorophyll A/B binding protein,
ribulose-bisphosphate carboxylase, ribulose-phosphate 3-
epimerase, photosynthetic NDH subcomplex B3, ascorbate
ferrireductase, oxidase and peroxidase, ferredoxin (2Fe-
2S), ferroxidase and ferritin (Table S1).
Iron and phosphate homeostasis are tightly connected
(Hirsch et al., 2006). Iron plays an important role in many
of the processes that appeared in the DEGs and GO results,
such as photosynthesis, respiration, redox balance and
ROS production (Bournier et al., 2013). In consequence,
DEGs and GO terms related to keep the redox state of
molecules and prevent damage from ROS were found (10
dpt significant GO term ‘response to hydrogen peroxide’;
Table S4). At all time points, downregulated iron trans-
porters (Table S1) and GO terms related to iron transport
are found (Tables S2 and S4), especially at 5 and 10 dpt.
To keep iron homeostasis and probably avoid the
production of ROS that could be produced by an unbal-
anced accumulation of iron in the cell, it seems that iron
transporter gene transcription is downregulated to cope
with the decreasing internal Pi pool.
In summary, PEATmoss tools and the PpGML DB can be
employed to find meaningful biological results. These
results are supported by previous publications and can be
very useful to explore expression data and support analy-
ses, using the many available applications, such as down-
loading data, adding annotations, converting gene model
versions or finding candidates of interest.
EXPERIMENTAL PROCEDURES
Data sets
Expression data from the three RNA-seq data sets available in
PEATmoss were published in Perroud et al. (2018). DNA library
preparation, cDNA sequencing and RNA-seq analysis for the not
previously published RNA-seq experiments, the phosphate defi-
ciency time series and the developmental stages, were carried out
as in Perroud et al. (2018). The CombiMatrix expression data sets
were published in Busch et al. (2013); Hiss et al. (2014); Beike et al.
(2015); Possart et al. (2017) and Arif et al. (2019). The NimbleGen
expression data sets were published in Hiss et al. (2017) and Ortiz-
Ramirez et al. (2016). NimbleGen microarray data for the arbuscu-
lar mycorrhiza (AM) interactions (Hanke et al., in preparation) were
processed as described in the next paragraphs.
AM interaction experiments
RNA was isolated from plant material using the RNeasy Plant Mini
Kit (Qiagen, Hilden, Germany) following the manufacturer’s instruc-
tions. RNA concentration and size distribution was tested on the
2100 Bioanalyzer (Agilent Technologies, Santa Clara, USA) with the
Agilent RNA 6000 Nano Kit to determine quantity and quality. About
200 ng of total RNA was reverse transcribed and amplified with the
WTA Kit (Sigma-Aldrich, St. Louis, CO, USA). Here, 1 g cDNA was
labelled with Cy3 according to the NimbleGen One-Colour DNA
Labelling Kit (Roche, Basel, Switzerland). Concentration and quality
of the labelled cDNA was monitored. 4 lg of labelled cDNA were
used for the hybridization on a NimbleGen 12 9 135 k DNA
microarray, probe design OID33087 (Roche, Basel, Switzerland)
according to the manufacturer’s protocol using the NimbleGen
Hybridization Kit (Roche, Basel, Switzerland). The NimbleGenWash
Buffer Kit (Roche) was used to prepare the slide for scanning. The
arrays were imaged using a laser scanner Agilent G2565CAMicroar-
ray Scanner System (Agilent Technologies, Santa Clara, CA, USA).
The image of the arrays was cut into single array images using the
NimbleScan Software 2.5 (Roche, Basel, Switzerland) and the pixel
intensities were extracted with the same software. Microarray
expression data were analyzed with Analyst 7.5 (Genedata, Basel,
Switzerland). Data were processed as in Hiss et al. (2014).
Pi deficiency time series experiments
Protonemata were pre-cultured in liquid medium as described ear-
lier (Perroud et al., 2018) and transferred to either Pi-deficient liq-
uid growth medium (K2SO4 was used instead of KH2PO4) as
described in Wang et al. (2008) or cultivated in liquid Knop med-
ium (Knop, 1868). Three replicates of protonemata were harvested
1 day post transfer (1 dpt), 5 days (5 dpt) and 10 days (10 dpt) and
RNA was extracted. Correlation matrices of the replicates from the
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PO4 deficiency experiment are shown in Figure S4. RNA extrac-
tion, DNA library preparation, cDNA sequencing and RNA-seq pro-
cessing and normalization were done as in Perroud et al. (2018)
with DEG calculation performed in PEATmoss.
GO analysis was conducted in Cytoscape v3.5 with the BiNGO
plugin (Maere et al., 2005) using gene annotations for P. patens
v3.3. To find significantly over-represented or under-represented
GO categories, hypergeometric statistical tests were applied at a
significance level of 0.05 after correcting for multiple testing
according to (Benjamini and Hochberg, 1995).
Data processing and normalization
Experiments previously published were not processed and replica-
tion was not evaluated. For RNA-seq experiments not published
before, they were analyzed as in Perroud et al. (2018). Experiment
replicates were checked by PCA, hierarchical clustering, and corre-
lation of the replicates. No minimum expression value was used
to filter the data, so users can set their own cut-off values. Experi-
ments of expression microarrays not published before were ana-
lyzed as in Hiss et al. (2014) for CombiMatrix and as in Hiss et al.
(2017) for NimbleGen. Background was subtracted and replicates
were examined using hierarchical clustering and correlation matri-
ces, removing in some cases replicates not clustering properly or
with low correlation in comparison with the other replicates from
the same experiment. NimbleGen data set from Ortiz-Ramirez
et al. (2016) were included as in the publication. Published data
from expression microarrays were downloaded from ArrayEx-
press (Kolesnikov et al., 2015).
All experiments from CombiMatrix and NimbleGen were nor-
malized using Genedata Analyst v. 9.5.2 (https://www.genedata.c
om/products/analyst/) to adjust the distribution to a median value
of 12. This is the median value found for the distribution of all
RNA-seq experiments from Perroud et al. (2018), which adapts to
a similar scale range and makes data comparison in the visualiza-
tion tools easier.
The Expression Atlas
PEATmoss is based on the TEA (Fernandez-Pozo et al., 2017), a tool
developed and hosted at the Sol GenomicsNetwork (Fernandez-Pozo
et al., 2015). The code was cloned from the Solgenomics account in
GitHub (https://github.com/solgenomics/Tea). Perl scripts included
with the tool were used to format and import the data to the database
and expression indexes. The code of TEA, PEATmoss, and other tools
based on TEA is in continuous development. The code used to cus-
tomize PEATmoss style and page structure is available on GitHub
(https://github.com/noefp/ppatens_expr). Functional annotations for
the P. patens genes displayed in PEATmoss were obtained from Cos-
moss (Zimmer et al., 2013), genes with unknown description were
then subsequently annotated with SwissProt, TAIR, or the NCBI Nr
database following that order. The heatmap output is implemented
using the R package d3heatmap. It uses hierarchical clustering com-
plete agglomerationmethod andeuclidean distances.
P. patens gene model lookup DB (PpGML DB)
The GML DB is implemented as a Postgres v10 relational database
with a very simple schema (Figure S3) to store gene names, ver-
sions and annotations, and the relation between them. The module
pg_trgm is used to support non-exact text search based on trigram
matching. The website is written in PHP (v7.0.30-0 + deb9u1) and
uses Bootstrap 3 libraries (https://getbootstrap.com/) for style and
interactive elements. JQuery DataTables (https://datatables.net/)
are used to display search outputs and tables with gene
annotations. Gene version and annotations stored in the database
were extracted from a modified version of the lookup table (Data
S1) from Perroud et al. (2018). This lookup table was based on the
Cosmoss annotation (Zimmer et al., 2013) and was improved using
the GMAP version 2015-12-31 (Wu and Nacu, 2010) to map nucleo-
tide transcript sequences against the P. patens V3 genome. The
intersection with the P. patens gene model v3.3 was obtained
using bedtools intersect version 2.26.0 (Quinlan and Hall, 2010).
BLAST+ (Camacho et al., 2009) and the blastdbcmd script are inte-
grated in the website to search sequences by similarity and to
extract list of sequences from BLAST databases. BLAST output
interface was modified from the code from the Sol Genomics Net-
work (Fernandez-Pozo et al., 2015) (https://github.com/solgenomic
s/sgn).
ACCESSION NUMBERS
Raw data for the RNA-seq experiments included in PEATmoss and
not available in other tools are stored at the SRA (Leinonen et al.,
2011) with the library names BBTWT, BBTWU, BBTWS, BBTWW,
BBTWY, BBTWX, BAOBH, BAOBP, BAOBS, BBTXA, BBTXB,
BBTWZ, BAOBT, BAOBN, BBTXG, BAOAW, BAOAX, BAOBA,
BAOAZ, BAOBC, BAOAU, BAOBG, BAOBU, BAOBO, BAOBB,
BAOAY, BAOBW, BAOAT, BBTXC, and BBTWO. ArrayExpress
accession numbers for the CombiMatrix data are E-MTAB-2165
(Beike et al., 2015), E-MTAB-913, E-MTAB-914, E-MTAB-915, E-
MTAB-916, E-MTAB-917, E-MTAB-919, E-MTAB-976, E-MEXP-2508
(Hiss et al., 2014), and E-MTAB-2227 (Possart et al., 2017). ArrayEx-
press accession numbers for the NimbleGen data are E-MTAB-
3069 (Ortiz-Ramirez et al., 2016) and E-MTAB-4630 (Hiss et al.,
2017). NimbleGen microarray data from the arbuscular mycorrhiza
(AM) interaction experiments (Hanke et al., in preparation) can be
found in ArrayExpress with the accession number E-MTAB-3081.
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5.4 Single nucleotide polymorphism charting of P. patens reveals accumulation of 
somatic mutations during in vitro culture on the scale of natural variation by selfing 
 
Genetic variation between different P. patens accessions was demonstrated multiple times 
(O’Donoghue et al., 2013, Stevenson et al., 2016, Hiss et al., 2017, Lang et al., 2018). In the previous 
studies, microarray and gDNA samples were used. A novel approach in analysing P. patens was 
employed here and is based on SNP calling by transcriptomic datasets. The higher availability 
compared to microarray or gDNA data increases the interest of RNA-seq data utilities. In this study we 
called SNPs of five different P. patens accessions, Gransden, Kaskaskia, Reute, Villersexel, and 
Wisconsin. Publicly available datasets covered the accessions Gransden and Reute. Novel RNA-seq 
data was used for Kaskaskia, Villersexel, new gDNA samples for Wisconsin. Data pre-processing was 
done by an updated version of the pipeline published by (Perroud et al., 2018). To detect SNPs, an 
additional branch for this pipeline was developed (Figure 6 C). Furthermore, post-processing steps such 
as filtering and clustering SNPs were added. We identified exclusive SNPs for each accession. For easy 
identification, we designed primers for the RFLP method (Paper 5.4, page 12). This can be used by the 
community to determine the origin of their plants. In addition, 13 different Gransden lineages were 
identified (Paper 5.4, page 12). They were grouped into four different Gransden pedigrees. Although 
all Gransden plants can be backtracked to one single spore isolate, genetic variation between the 
Gransden pedigrees could be detected. As for the accessions, exclusive SNPs for each Gransden 
pedigree were extracted and single ones verified by PCR. It could be shown that somatic mutation 
occurs and accumulates in accessions and Gransden pedigrees. For pedigrees with known propagation 
history, an annual number of mutations per base pair was estimated (Paper 5.4, page 12f). P. patens 
accession Wisconsin gDNA was used to analyse sequence variation within natural populations. This 
results were compared to the variation detected in laboratory cultures (Paper 5.4, page 13). 
We assembled information to generate a Gransden pedigree. Within this Gransden pedigree somatic 
mutations occur and accumulate. Additionally, I demonstrated that SNP calling based on RNA-seq data 
is efficient and shows feasible results. These results were performed by a novel designed powerful 
RNA-seq pipeline extension for variant calling. 
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Introduction: Physcomitrium patens (Hedw.) Mitten (previously known as
Physcomitrella patens) was collected by H.L.K. Whitehouse in Gransden Wood
(Huntingdonshire, United Kingdom) in 1962 and distributed across the globe starting in
1974. Hence, the Gransden accession has been cultured in vitro in laboratories for half
a century. Today, there are more than 13 different pedigrees derived from the original
accession. Additionally, accessions from other sites worldwide were collected during
the last decades.
Methods and Results: In this study, 250 high throughput RNA sequencing (RNA-seq)
samples and 25 gDNA samples were used to detect single nucleotide polymorphisms
(SNPs). Analyses were performed using five different P. patens accessions and
13 different Gransden pedigrees. SNPs were overlaid with metadata and known
phenotypic variations. Unique SNPs defining Gransden pedigrees and accessions
were identified and experimentally confirmed. They can be successfully employed for
PCR-based identification.
Conclusion: We show independent mutations in different Gransden laboratory
pedigrees, demonstrating that somatic mutations occur and accumulate during in vitro
culture. The frequency of such mutations is similar to those observed in naturally
occurring populations. We present evidence that vegetative propagation leads to
accumulation of deleterious mutations, and that sexual reproduction purges those.
Unique SNP sets for five different P. patens accessions were isolated and can be
used to determine individual accessions as well as Gransden pedigrees. Based on
that, laboratory methods to easily determine P. patens accessions and Gransden
pedigrees are presented.
Keywords: SNP, RNA-seq, Physcomitrella patens, Physcomitrium, ecotype, Gransden, Reute, RFLP
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INTRODUCTION
Single Nucleotide Polymorphisms (SNPs) represent a major
source of natural variation within any given species. In the plant
kingdom, they are studied both in ecological and evolutionary
context in order to understand population structure (Leaché
and Oaks, 2017). They are also employed to study the genetic
basis of variable natural traits such as resistance to flooding
(Vashisht et al., 2011), or for the identification of genetic
diversity in cultivars and admixed wild types through association
mapping (Niu et al., 2019). SNP analysis is now successfully
integrated in plant breeding for example in palm tree selection
(Xia et al., 2019). For the moss model Physcomitrium patens
(Hedw.) Mitten (previously known as Physcomitrella patens)
(Beike et al., 2014; Medina et al., 2019; Rensing et al., 2020)
whole genome SNP sets between the reference genome accession,
Gransden (Gd) (Rensing et al., 2008; Lang et al., 2018), and
the accessions Villersexel (Vx) (Kamisugi et al., 2008), Reute
(Re) (Hiss et al., 2017) and Kaskaskia (Ka) (Perroud et al.,
2011) have been reported (Hiss et al., 2017). Specifically,
the genetic difference between Gd and Vx has been used
to generate the first sequence-anchored genetic linkage map
(Kamisugi et al., 2008) and recently the P. patens chromosome
level genome assembly (Lang et al., 2018). Analysis of SNP
segregation is a powerful tool that can be employed to analyze
intra and inter accession fertility (Perroud et al., 2011, 2019;
Meyberg et al., 2020), gene specific segregation patterns, and
loci affected in segregants with specific traits. For example,
the analysis of Gd and Vx segregants has been used to
identify the ANR locus affected in mutants impaired in ABA
hormone signaling (Stevenson et al., 2016), as well as loci
involved in three-dimensional morphogenesis [nog1, (Moody
et al., 2018)] and a novel microtubule depolymerizing-end-
tracking protein [CLoG1, (Ding et al., 2018)]. Most recently,
SNPs between Gd and Re were associated with the loss
of fertility in the Gd background (Meyberg et al., 2020).
However, there is no comparative study on a broad set of
accessions, or within the different P. patens Gransden laboratory
strains (Gd pedigrees).
Model organisms cultivated in the laboratory are usually
considered to be genetically uniform due to their common
origin. The original P. patens Gransden plant was collected
by H.L.K. Whitehouse in Gransden Wood (Huntingdonshire,
United Kingdom) in 1962. Engel cultured Whitehouse’s sample
(Engel, 1968) and derived the ancestor of all current P. patens
Gransden strains from a single spore. In 1974 progeny of
P. patens Gransden started to be distributed across the globe
(Ashton and Cove, 1977; Cove, 2005). Since then, P. patens
became an important model organism inter alia to study cell
biology, evolutionary developmental biology and the water to
land transition of plant life (Rensing, 2018; de Vries and Rensing,
2020). During its decades of in vitro cultivation, P. patens
Gransden was predominantly propagated vegetatively (Ashton
and Raju, 2000). While many labs vegetatively propagate the
plants, others regularly let the plants go through the life cycle
(sexual reproduction through selfing) and establish fresh cultures
based on single spores. However, for most of the pedigrees
the frequency and number of sexual reproduction events the
plants went through is unknown. Phenotypic differences are
documented between laboratory strains, for example Gransden
strains have shown different levels of loss of fertility (Meyberg
et al., 2020). This recently led to the introduction of the
Reute accession for the study of sexual reproduction (Hiss
et al., 2017). Mutations underlying such differences as well as
potential silent mutations can occur during sexual as well as
vegetative propagation in the lab. Such laboratory divergences
haven been reported in both prokaryote (Smits, 2017) and
eukaryote laboratory models, for example in Chlamydomonas
reinhardtii (Flowers et al., 2015). Mutation and selection
underlie the forces of evolution. However, under laboratory
conditions natural selection usually is absent. Over time,
somatic mutations can thus accumulate in laboratory strains
that would not occur in natural populations. Indeed, repetitive
vegetative propagation of P. patens in the laboratory loosens the
selection pressure on genes required for sexual reproduction,
apparently leading to deterioration of the latter (Ashton and
Raju, 2000; Perroud et al., 2011; Hiss et al., 2017; Meyberg
et al., 2020). It should be noted that P. patens is predominantly
selfing in the (dominant) haploid stage, developing completely
homozygous diploid sporophytes. Hence, spores result that are
genetically identical to the parent even though they are the
product of meiosis.
Previous P. patens SNP studies analyzed genomic DNA
samples of different P. patens accessions (Hiss et al., 2017;
Lang et al., 2018). However, P. patens gDNA samples
are rare. Nevertheless, the recent publication of RNA-seq
datasets (Demko et al., 2014; Frank and Scanlon, 2015;
Stevenson et al., 2016; Szövényi et al., 2017; Perroud et al.,
2018; Fernandez-Pozo et al., 2019) provides a source of
information that can be used to detect SNPs. Due to the
high number of RNA-seq samples analyzed, efficient pipeline
processing is essential. A framework of a modular RNA-
seq pipeline was previously published (Perroud et al.,
2018). While adding to and modifying this pipeline, a
powerful solution for the here presented SNP analysis
was created. Due to the current lack of genomic DNA we
analyzed whether the SNP analysis of RNA-seq samples
leads to comparable results. Based on the called SNPs we
determined the rate and nature of somatic mutations among the
accessions and pedigrees.
To identify and track genetic variation in the laboratory,
restriction fragment length polymorphisms (RFLP) can be
employed. This technique is based on SNPs modifying restriction
enzyme recognition sites, which are covered by polymerase chain
reaction (PCR) amplicons to test for genetic variation in specific
DNA regions (Botstein et al., 1980).
Here, we identified SNPs using recently published RNA-seq
data as well as unpublished RNA-seq and gDNA-seq data for a
range of P. patens accessions and Gd pedigrees, i.e., laboratory
strains with a documented ancestry. We used the resulting data
to separate accessions as well as pedigrees via SNP analysis,
extracted unique SNP sets for all accessions and Gd pedigrees,
and developed RFLP analyses that are useful in maintaining
accession and Gd pedigree identification.
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MATERIALS AND METHODS
Sequence Sources
This study used data of five different P. patens accessions: 171
Gransden (Gd), 20 Kaskaskia (Ka), 32 Reute (Re), 27 Villersexel
(Vx), and 25 Wisconsin (Wi) samples. The dataset contains 206
previously published RNA-seq samples as well as 44 novel RNA-
seq samples. In addition, 25 novel gDNA samples of P. patens
accessionWisconsin (Wi) were analyzed. These 275 samples were
used for SNP detection. In addition, the Wi gDNA samples were
used to study variation in a naturally occurring population. All
samples used in the present study are available at the NCBI SRA
database and are detailed in Supplementary Table S1.
Plant Material, Nucleic Acid Extraction
and Sequencing
Physcomitrella patens accession Villersexel was collected in 2003
by M. Lueth in Haute-Saone (France) on dry mud at a fish pond
east of Villersexel, at the Villers la Ville junction (voucher 4296).
The accession Kaskaskia was also collected in 2003 in Illinois
(United States) on a periodically flooded drainage channel at a
corn field by D. Vitt andM. Sargent. The voucher information for
both accessions has previously been published (von Stackelberg
et al., 2006; Beike et al., 2014). Accession Reute has also been
collected by M. Lueth/M. von Stackelberg in 2006 close to
Freiburg, Germany on an agriculturally used field. The exact
location has previously been published (Hiss et al., 2017).
Reute Early Sporophyte 1 (ES1)
Physcomitrella patens accession Reute_2015 (Re_2015) (Hiss
et al., 2017) was cultivated on 9 cm petri dishes on solid Knop’s
medium enclosed with parafilm under long day conditions
(70 μmol m∗−2 s∗−1 white light, 16 h light, 8 h dark, 22◦C)
as described in Hiss et al. (2017). Re was regularly reproduced
sexually once per year since 2011. Re_2015 is the culture derived
from the sexual reproduction (selfing) performed in 2015.
Gametangia induction was performed by transfer to short day
conditions (see Hiss et al., 2017 for culture details). Sporophytes
were harvested 6–9 days after watering and immediately put into
50 μl RNA-later (Qiagen, Hilden, Germany). RNA was extracted
using 20 ES1 sporophytes (according to Hiss et al., 2017) using
the RNeasy micro kit (Qiagen, Hilden, Germany), following the
manufacturers’ protocol. RNA concentration and quality were
analyzed with the Agilent RNA 6000 Nano Kit on a Bioanalyzer
2100 (Agilent Technologies). Library preparation and subsequent
sequencing was performed by the Max-Planck-Genome-Centre
Cologne (mpgc.mpipz.mpg.de). A single library was prepared
using the IVT-based low input RNA-seq protocol followed by
sequencing with Illumina HiSeq 3000 (150 nt, single ended).
Kaskaskia RNA-seq
Physcomitrella patens accession Kaskaskia was isolated from
seven days entrained protonemal culture under long day
conditions (70 μmol m∗−2 s∗−1 white light, 16 h light, 8 h dark,
22◦C), if not stated otherwise (Supplementary Table S2). Tissue
was flash frozen in liquid nitrogen and the subsequent RNA
extractions were performed as described in (Perroud et al., 2018).
The library preparation and subsequent sequencing was
processed using the TruSeq RNA kit (Illumina) according to the
manufacturer’s instructions. The libraries were sequenced with
Illumina HiSeq (100 nt, paired-end).
Villersexel Laser Capture of Sexual
Reproduction Stages
Physcomitrella patens Villersexel (Vx) plants were routinely
grown under sterile conditions on ammonium supplemented
medium under 20 μmol m∗−2 s∗−1 of continuous light at 24◦C.
Protonemata were obtained from ground tissue and cultivated on
cellophane disks on the previous medium. After 2 weeks, small
patches of protonemata were transferred to low nitrate medium
and grown for about 2 months under 20 μmol m∗−2 s∗−1 of
a 16:8 light:dark cycle at 24◦C. Well-developed gametophores
were then transferred to 16◦C under the same light regime for
3 weeks to induce sexual organ differentiation. Fertilization was
synchronized in all cultures by flooding growing pots with sterile
deionised water for 30 h; flooded gametophores were transferred
to 24◦C under continuous light. 48 h after flooding, gametophore
tips were examined under a hand dissection microscope for the
presence of fertilized archegonia. Non-fertilized cultures were
treated as previously except for flooding.
Fertilized and unfertilized archegonia were hand dissected
and collected in 100% acetone. Tissue fixation was ensured by
infiltrating archegonia under low pressure for 2 min followed
by a 48 h incubation in 100% acetone. Acetone was then
exchanged with HistoClear by incubating fixed tissues in 50%
acetone/50% HistoClear for 2 h then 100% HistoClear for 2 h
under continuous shaking. Tissues were embedded in wax using
an automated Tissue Tek VIP 5 Vacuum Infiltration (Sakura)
machine with the following sequence: 3 baths in HistoClear for
1, 1 and 2 h then 4 baths in wax for 1, 1, 2 and 2 h. Thick
sections of 10 μm were prepared from the embedded tissues and
deposited on Nuclease-free 1.0 polyethylene naphthalate (PEN)
membrane slides (Carl Zeiss Microscopy, #415190-9081-000) in
drops of 1 X ProtectRNATM RNase Inhibitor (SIGMA #R7397),
air dried and stored at room temperature until further use. After
wax removal in HistoClear and 100% ethanol baths, zygote/early
embryos, egg cell and archegonium tissues were laser dissected
from the sections using a PALM MicroBeam unit (Carl Zeiss) at
a 40x magnification following the procedure described in Saint-
Marcoux et al. (2015). About 200 sections were captured per
sample and 3 biological replicates were prepared for each tissue.
RNA was extracted using the PicoPure RNA extraction kit
from Life Technologies (#KIT0204) and amplified into cDNAs
using the Ovation RNA-Seq System v2 kit from NuGEN (#7102-
32) as in Saint-Marcoux et al. (2015). cDNA quantity was
determined using a NanoDrop ND-1000 spectrophotometer.
cDNA quality was analyzed on a 2100 BioAnalyzer (Agilent
Technologies) using RNA nano chips (5067-1511, Agilent
Technologies) following recommendations in the NuGEN kit.
1μg of cDNAwas paired-end sequenced on an Illumina HiSeq
2000 platform at the Beijing Genomics Institute in China. At least
2 × 10 million 100 nt reads were obtained per sample. Samples
containing “orphans” in the sample name contain reads where
the mate did not pass the quality filter.
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Wisconsin gDNA
Mature (brown) spore capsules of Physcomitrium patens were
collected in September 2017 in Wisconsin, United States
(original specimen in AUGIE herbarium) by Rafael Medina
(Augustana College Illinois). The surface sterilization procedure
was performed at a laminar flow bench with freshly prepared
1% sodium hypochlorite and autoclaved tap water for rinsing.
Five Single spore capsule were sterilized separately. After the
last rinsing step the water was kept in the tube and the spore
capsule was squeezed by sterile forceps so that the spores were
released into the water. This spore suspension was transferred
(using a micro pipette and autoclaved filter-tips) to solidified
(0.9% [w/v] agar) Knop’s medium containing 1% glucose in 9 cm
Petri dishes sealed using 3MMicropore tape or Parafilm. After 3–
5 days, when spore germination starts, five single sporelings were
isolated from each capsule batch and separately transferred to
fresh plates. After eight weeks under long-day conditions juvenile
gametophores (above agar) were harvested and immediately
frozen in liquid nitrogen. GenomicDNAwas isolated from frozen
plant material as previously described (Lang et al., 2018). Library-
preparation and sequencing was performed at the Max-Planck-
Genome-Centre Cologne (mpgc.mpipz.mpg.de); 25 TPase-based
DNA libraries were sequenced in 1 × 150 bp single reads on
Illumina HiSeq 3000 Analyzers.
Wisconsin experiment 2 was contaminated by prokaryotic
sequences. The read contamination removal was done as
described in Lang et al. (2018) and Nguyen et al. (2019). The
leftover reads were used for further analysis.
Read Analysis
For easier manageability of the data, all original sample names
were converted to a new nomenclature. Separator is always
an underscore; the first two characters identify the accession
(Gransden [Gd], Reute [Re], Kaskaskia [Ka], Villersexel [Vx]
and Wisconsin [Wi]), the next one the origin/pedigree of the
sample (e.g., MR-WT11), followed by the experiment defined by
roman numbers (e.g., XX). Sample replicates (1-5), library type
(SE or PE) and experiment type (mutant [MUT] or wild type
[WTY]) are the last parts (Supplementary script “rename and
extraction”, Supplementary File 1). An example sample name
is Gd_MR-WT11_XX_1_PE_WTY. Each RNA-seq sample went
through amodified pipeline, build on top of the RNA-seq pipeline
previously described (Perroud et al., 2018). The pipeline was
modified by updating all software versions, enabling single-end
(SE) read processing and adding SNP calling and post processing
parts (Figure 1).
Read Quality
For read quality filtering and adapter removal, Trimmomatic
(Bolger et al., 2014) version 0.39, was used. Adapter trimming
of appropriate adapters (SE.fna or PE.fna; standard sequences
included in the Trimmomatic package) was performed with
a seed mismatch of 2, a palindrome clip threshold of 30,
and a simple clip threshold of 10 for the paired-end reads
(PE.fna:2:30:10). Base pairs with a quality score less than
three were removed from the start (LEADING:3) and end
(TRAILING:3) of the reads. Reads were further filtered using a
sliding window of four base pairs with aminimum average quality
score of 15 (SLIDINGWINDOW:4:15), removal of the first 10
base pairs (HEADCROP:10), and kept reads of 30 base pairs or
more (MINLEN:30).
Poly-A clipping was performed by Prinseq-lite (Schmieder
and Edwards, 2011) version 0.20.4. A minimum length of five
poly-A/T nucleotides at the 5′- or 3′-end were required to remove
the poly-A/T tails (TRIM_TAIL_LEFT 5; TRIM_TAIL_RIGHT
5). Only reads longer than 30 nt were kept (min_len 30).
Reference Genome Mapping
All filtered RNA-seq samples were mapped to the P. patens
reference genome V3 (Lang et al., 2018) by GMAP-GSNAP
(Wu and Nacu, 2010) version 2018-7-04. SAM and BAM file
processing was performed by samtools (Li et al., 2009) version
1.9. Only uniquely mapped reads were used for further analysis.
Removing Duplicate Reads
De-duplication based on the unique mapped BAM files was
done using samtools packagemarkdup with the remove duplicate
reads option (r).
Variant Detection
The SNP calling pipeline (Figures 1B,C) uses GATK version
4.0.9.0 (McKenna et al., 2010). The workflow was setup according
to the classic GATK best practices workflow for RNA-seq1,2 by
modification of the approach published earlier (Hiss et al., 2017).
SNP Calling
GATK HaplotypeCaller was performed in default mode.
To account for P. patens being haploid, the option
“ploidy 1” was used.
The python script GetHighQualVcfs.py (Wang et al., 2012)
was used for quality score recalibration. The option for haploid
genomes (ploidy 1) was chosen. In addition, the alternative
nucleotide quality (ALTQ) needed to be higher than 90%
(percentile 90) and the genotype quality (GQ) value had to be
greater than 90 (GQ 90).
The GATK tools BaseRecalibrator, ApplyBQSR and
PrintReads were used in default mode.
Ploidy test
To test the samples’ ploidy, GATK HaplotypeCaller was
performed in default mode for diploid genomes (ploidy 2).
The python script GetHighQualVcfs.py was used for quality
score recalibration. The option for diploid genomes (ploidy 2)
was chosen. In addition, the alternative nucleotide quality needed
to be higher than 90% (percentile 90) and the genotype quality
(GQ) value had to be greater than 90 (GQ 90).
The results of both ploidy runs (1n and 2n) were compared.
The results were interpreted taking into account the knowledge
of previously haploid tested samples (Supplementary Table S10;
cf. Results). We observed that the differences in the defined
genotypes (GATK output 0/0, 0/1, 1/1, and 1/2) correspond to
the differences in the number of called SNPs. Therefore, we chose
the number of called SNPs to compare the two ploidy runs.
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FIGURE 1 | RNA-seq SNP calling pipeline. Part (A) of this pipeline was previously published (Perroud et al., 2018). The additional SNP calling branch (B) on the right
side starts with removing read duplications, using Samtools package “markdup” and continues with the GATK toolbox for SNP calling (C). The last steps of this
pipeline are post processing steps like SnpEff and EMBOSS restrict together with UNIX shell scripts. This figure has been modified based on a figure published in
The Plant Journal (Perroud et al., 2018; https://onlinelibrary.wiley.com/doi/full/10.1111/tpj.13940).
Filtering Wisconsin gDNA SNPs
Single nucleotide polymorphisms called from the Wisconsin
accession gDNA were filtered by using only reads uniquely
mapping to the P. patens v3.3 gene annotation (to make the data
comparable to the RNA-seq data). Bedtools intersect (Quinlan
and Hall, 2010) version 2.29.0 was used, with the option (u) to
write the original entry only once if multiple overlaps are found,
to extract all gene models intersecting SNPs (Supplementary
script “rename_and_extraction”).
Post SNP Calling Filter
The JGI gene atlas samples contain spike-in RNAs, which should
not harbor SNPs. Hence, based on SNPs detected in these reads,
filters were adjusted so that none of the RNA-seq spike-in base
changes (sequencing errors) pass it. Filter values were allelic
depths for the reference and alternative alleles (AD), mapped read
depth (DP) as well as their fold change (FC) plus a minimum of
three samples per SNP.
The above described values were adjusted through three
consecutive filter steps. (i) The first filter was the read coverage
filter with a minimum read depth of nine reads and a minimum
of seven reads supporting the SNP. FC of AD and DP has to be
greater than 0.77 (Supplementary script “SNP_filtering”). (ii) The
second filter step removes all SNPs not present in at least three
samples. This filter ensures the use of SNPs found by all technical
triplicates of an experiment. (iii) While the third filter removed
all indel positions.
The GO bias analyses were conducted as described previously
(Widiez et al., 2014) to contrast gene sets affected by SNPs
vs. the background of all genes. Visualization of the GO terms
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was implemented using word clouds generated by https://www.
wortwolken.com. Word size is proportional to the –log10 (q-
value), and over−represented GO terms were colored dark green
if –log10 (q-value) ≤ 4 and light green if –log10 (q-value) > 4.
Plots were done by using R version 3.6.2 and ggplot2 version
3.2.1. Upset plot for the SNP intersection was performed with
the R package UpSetR (Conway et al., 2017). All regression
lines and confidence intervals were calculated by the R package
ggplot2, method “lm” and the R package ggpubr version 0.2.5 to
calculate R1,2.
SNP Normalization
Several plots (Supplementary Figures S3–S6) were generated to
check for potential normalization methods. The number of read
covered base pairs (coverage), the number of reads per sample
(reads), and the number of genes, respectively their accumulated
length (genes) were taken into account.
Coverage method
The dependency of called SNPs based on the number of read
covered based pairs was determined with the following method.
To find all read covered base pairs, the mapping output (BAM
format) was analyzed by samtools package depth. All sequence
positions, including unused reference sequence positions, were
printed (aa). The output was filtered for depth ≥ 9 (similar to
the SNP DP value). The number of filtered SNPs were divided by
the number of read covered base pairs. To compare the values
directly with the results found in the division was done vice versa
to derive the format “one SNP per X bp”.
To plot the values, the number of SNPs were corrected
by the maximum number of read covered base pairs
(Supplementary Figure S4).
Reads method
To detect the relation between the number of filtered SNPs and
the number of sequenced reads, the values were plotted using the
R packages described in section “Post SNP Calling Filter.”
Genes methods
To answer the question whether SNPs accumulated at specific
chromosomes and to observe the relation between the number
of genes or their length with the number of detected SNPs, gene
information extracted from the P. patens v3.3 annotation GFF file
(Lang et al., 2018) was used. Both, the number of genes and the
gene length, were summarized per chromosome. The extracted
gene values were divided by the number of filtered SNPs to derive
relation in the gene number and gene length plots, respectively.
To test for significance Fisher’s exact test was performed. The
number of base pairs w/o SNPs for each of the 27 individual
chromosomes (and for all unassigned, merged scaffolds) was
compared. All p-values were corrected using the R method






In the context of SNPs found only in a specific accession or Gd
pedigree, the terms unique and exclusive are used synonymously.
Exclusive SNPs were extracted for each accession and for each
Gransden pedigree, using bash/awk scripts (Supplementary
scripts “rename_and_extraction”, “SNP_clustering” and
“SNP_filtering”). First, all SNPs found in all GATK VCF files
were grouped into a single file. Subsequently, the groups were
inspected for SNPs exclusive for a specific accession or Gd
pedigree (Supplementary script “SNP_filtering”). For further
accession analysis, the SNPs were sorted by the number of
supporting samples. SNPs supported by > 90% of the samples
of one accession, and not found in others, were defined as
exclusive. The read coverage filter was not applied for the
accession exclusive SNP selection. For the Gd pedigrees, the
Gd exclusive SNPs were ranked by the number of supporting
samples. The SNP with most sample support received the highest
rank, the five SNPs with the most sample support were chosen
and defined as exclusive.
Accession Clustering
Detected nucleotide variation was clustered by two different
methods. The first method was an artificial FASTA alignment
(Supplementary File 4). This method clusters only SNPs, no
InDels. Only SNPs that passed all filter steps were used. Each
SNP is a single column in the alignment. If the sample contains
a SNP at a specific position, the SNP nucleotide was added
to the FASTA sequence of the sample, otherwise the reference
nucleotide was used.
The second method was chosen to cluster SNPs and InDels.
Instead of nucleotides, numbers were chosen to represent a SNP,
InDel or the reference. A matrix was created by substitution of
reference and variant nucleotides: reference 0; SNP 1; indel 2.
This converted numbers were added to the matrix similar to
the nucleotides in the above described FASTA file. Each row is
a single sample and each column a unique SNP/indel position
(Supplementary script “SNP_clustering”).
The artificial FASTA alignment was imported to SplitsTree
(Huson and Bryant, 2005) version 4.14.8. A network was
calculated using default parameters. The tree was generated by
the NJ option and stored in NEXUS format. FigTree (Bouckaert
et al., 2014) version 1.4.4 was used to draw a circular tree based
on the SplitsTree NEXUS file.
The SNP/indels 0-1-2 matrix was loaded into R version 3.6.2
using the function dist with the method euclidean. To get a
three dimensional PCA plot, the results were transferred to the
R package rgl version 0.100.30.
SNP Effects
Synonymous and non-synonymous SNPs for each sample were
detected by SnpEff (Cingolani et al., 2012) version 4.3T in default
mode. SnpEff used a database created of the P. patens genome
annotation v3.3 to locate SNP positions at gene regions. Only
SNPs that passed all three filter steps (minimum nine reads have
to cover the SNP position and minimum seven reads have to
support the SNP, at least three samples have to support the SNP,
indels are removed) were used.
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Synonymous and non-synonymous SNPs were extracted from
the SnpEff CSV file output and all involved genes were extracted
from the SnpEff gene.TXT file. Functional analyses were done via
GO-bias analysis, described in chapter “Post SNP Calling Filter.”
Identification of Restriction Sites
Overlapping With SNPs
EMBOSS restrict3 was used to detect SNPs in putative restriction
endonuclease recognition regions. The enzyme database,
containing all necessary information about the recognition
sites, was loaded with the tool EMBOSS rebaseextract4. The
rebase restriction endonucleases databases, withrefm.907 and
proto.907, were downloaded at ftp://ftp.neb.com/pub/rebase.
EMBOSS restrict was performed with a minimum length of the
restriction enzyme recognition site of five base pairs (sitelen 5)
and all enzyme at the database were used (enzymes all).
SNP Verification via PCR and RFLP
(Restriction Fragment Length
Polymorphism)
Exclusive SNPs for each P. patens accession overlapping with
a restriction enzyme recognition site were selected as described
above. SNPs affecting six or eight nt long recognition sites were
chosen. Additionally, enzyme requirements for easy usability and
frequency of cuts in ± 2 kbp around the SNP were analyzed to
ensure an interpretable gel band pattern. Primers were designed
to result in an amplicon of 700-1,400 bp and similar annealing
temperatures (∼ 59◦C, Supplementary Tables S7, S8).
Plant Material and gDNA Extraction
To analyze SNPs located within restriction enzyme sites
(comparison of accessions) and SNPs without restriction enzyme
site (comparison of Gd pedigrees) the P. patens accessions
and Gd pedigrees Gransden DE Marburg 2015 (Gd_DE_MR),
Gransden Japan (Gd_JP, Gd_JP_Okazaki and Gd_JP_St.Louis),
Gransden Grenoble (Gd_CH), Reute 2015 (Re), Kaskaskia
(Ka) and Villersexel (Vx) were cultivated as described above.
Genomic DNA for PCR amplification was isolated, using a
fast protocol using one to two gametophores as published in
(Cove et al., 2009).
PCR Analysis and Sequencing
Polymerase chain reaction was carried out with OneTaq
polymerase (NEB) following the manufacturers’ protocol.
Annealing was carried out between 55◦C and at 59◦C and
elongation time was adjusted to the longest fragment chosen
(95 s). For primer sequences see Supplementary Tables S7, S8.
5 μl PCR product, 2.5 μl of the forward primer (10 μM)
and 2.5 μl water were Sanger sequenced (Macrogen, Germany)
(Supplementary Table S9 and Supplementary File 6). PCR
products and all subsequent fragment analyses were visualized
via gel electrophoresis (0.7% agarose, Roth, Germany) using
peqGREEN (VWR, Germany) as dye. The 1 kbp size standard




For each tested SNP, 15 μl PCR product of all accessions were
used as input for the enzymatic digestion. Restriction was carried
out for the SNPs Re_c3_17747483_A-T, Vx_c3_2712099_A-G
and Ka_c01_25061888_C-A using 2U of the corresponding
enzyme (Supplementary Table S7, NEB) for 3 h at 25◦C for
SwaI and at 37◦C for NdeI and XbaI. Fragments resulting from
the restriction were visualized via gel electrophoresis as described
before (PCR analysis and sequencing).
Natural Population Diversity
To determine variation within a naturally occurring P. patens
population, the accession Wisconsin gDNA SNP results were
used. Because of bacterial contamination, sample Wi_2 was
excluded from this study. The experiment was designed with four
capsules and five spores each. Each spore represents one sample.
The number of exclusive SNPs for each sample (spore) within a
spore capsule were detected as well as the number of exclusive
SNPs for each spore capsule. The results were compared with
the results of exclusive SNPs found in laboratory accessions and
pedigrees of Gransden, Gd_DE 2011, 2012 and 2015, and Reute
2007, 2012 and 2015. To highlight the results Venn diagrams were
created by venny5.
All samples described above were used to generate an artificial
FASTA alignment (for methods see section “Extracting exclusive
SNPs”) which was analyzed by Splitstree. Here, only gDNA
SNPs which intersected with the P. patens v3.3 annotation
file were kept. The branch lengths were adjusted by coverage
normalization (see section “Coverage method”).
RESULTS
Read Analysis and SNP Discovery
The analysis was conducted with a total of 4.7 billion RNA-
seq reads (Supplementary Table S3). 68% of all reads are from
Gransden, Reute reads account for 18%, Kaskaskia for 12%
and Villersexel for 2% (Supplementary Table S4). After pre-
processing and mapping to the reference genome (Figure 1A)
81% of all reads remained (Supplementary Table S3). De-
duplication (to account for potential PCR bias) further reduced
the amount of reads by 20%, leaving 3.0 billion reads as
input for the GATK SNP pipeline (Figures 1B,C). The
unfiltered Wisconsin gDNA samples amounted to 1.0 billion
reads. Processing, mapping to the reference and deduplication
discarded more than half of the raw reads; 473 million reads were
used for the SNP pipeline (Supplementary Table S3).
Funariaceae are known for naturally occurring
polyploidization (Rensing et al., 2013; Beike et al., 2014),
this has also been demonstrated during P. patens mutant
generation using protoplasts (Schween et al., 2005). We
performed a ploidy test using GATK with n = 1 vs. n = 2
and generally detect a lower number of SNPs when assuming
haploidy (n = 1), on average 65.4% of n = 2. The percentage range
of samples confirmed to be haploid (36.2 – 92.2%) approximately
5https://bioinfogp.cnb.csic.es/tools/venny/index.html
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coincides with the percentage range of all samples (30.7 –
92.9%) (Supplementary Table S10 and Supplementary File 7).
Moreover, manual inspection of the VCF files for the Wi gDNA
SNP calls showed very minor differences, that are smaller than
those of the RNA-seq data of confirmed haploid plants. Taken
together, we do not find evidence for polyploid plants among
the samples used.
For the Wisconsin gDNA samples 2,473,107 SNPs were called
by the GATK pipeline (Figure 1C). After intersecting the gDNA
SNPs with the gene coordinates of the P. patens v3.3 annotation,
140,832 SNPs were kept that represent the transcriptome, to be
comparable to the RNA-seq SNPs. Merging the Wi v3.3 SNPs
with the results of the RNA-seq accessions ended up in a total
number of 1,233,585 transcribed gene space SNPs. Gd has the
lowest number of SNPs relative to the reference assembly. This
fits the expectation, since the reference genome was derived
from a Gd pedigree. The accessions Wi and Ka have the
highest number of SNPs per sample (Supplementary Figure S1).
The highest SNP reduction can be observed after the (i)
read coverage filter, which was, together with the (ii) sample
support filter, adjusted using spike-ins (see section “Materials and
Methods” for details). (i) Read coverage and (ii) sample support
filter, together with the (iii) indels removal, were reducing
the SNP set by 88% (146,816 SNPs shared by five accessions,
Supplementary File 5). A comparison of SNP intersection
between SNPs called in this study and SNPs previously published
(Lang et al., 2018) demonstrates a large overlap of 89% of the
previously called Vx SNPs (as compared to those that were
detected in this study) and minor overlaps for Re (26%) and Ka
(28%) (Supplementary Table S5).
SNP Comparison Between Accessions
Most SNPs can be observed in the intergenic regions (up- and
downstream of the gene bodies according to the v3.3 annotation).
The SNP distribution for all accessions is around 40:60 (gene
regions/intergenic regions). The accessions Wi and Vx have
almost no SNPs flanking the two base pairs next to the splice site
(splice site region).
Most of the SNPs shown in Figure 2 are accumulated in non-
coding regions. Exonic SNPs can be synonymous, not affecting
the coding sequence, or non-synonymous, leading to a change
in the amino acid sequence of the protein encoded by the
gene (for average number of SNPs per sample see Table 1
and for total numbers of SNPs see Supplementary Table S11).
The two accessions from North America, being geographically
most far away from the reference sample, are the ones with
the most changes affecting the coding sequence. Individual SNP
effects in the exclusive accession SNPs list can be found in
Supplementary File 3.
Less than 12% of all SNPs called by the GATK pipeline
passed all three filter steps: Gd has 39,614 and Re has
42,094 SNPs left, Vx has 52,960 SNPs and Wi has 63,597
SNPs. The highest number of SNPs are found in Ka with
76,076 SNPs (Supplementary Figure S1 and Figure 3, left
horizontal bars). The number of SNPs coincides with the
geographical distance to the reference Gransden (Figure 3,
horizontal bars; Supplementary Figure S2). After applying
TABLE 1 | Average number of SNPs affecting gene coding sequences per sample.
Gd Re Vx Ka Wi all
Start changesa 3 8 8 18 29 8
Stop changesb 6 23 22 97 237 41
Sequence changesc 774 2,978 2,942 11,794 13,090 3,168
Synonymous 411 1,232 1,272 4,698 4,737 1,300
Non-synonymous 363 1,746 1,670 7,096 8,353 1,868
aStart changes include start codon gains and losses. bStop changes include gains
and losses of stop codons. cSequence changes include non-synonymous changes
affecting the encoded amino acids, synonymous sequence changes, and insertions
or deletions that do not change the sequence frame.
four different normalization methods (see section “Materials
and Methods” for details), Gransden and Reute exhibit always
the lowest SNP rate (Supplementary Table S6), mirroring
previous results (Beike et al., 2014; Lang et al., 2018). The
approximate linear relationship between number of reads and
called SNPs (Supplementary Figure S3) led to the normalization
by read number. The coefficient of determination (R2) is
found to be 0.6 – 0.93 (Supplementary Figure S3). To
compensate for unequal distribution of reads we also normalized
by the fraction of the sequence space that carries enough
read support to allow SNP calling (see section “Coverage
method,” Supplementary Figure S4). By applying the SNPs
to read covered base pairs, instead of the raw read number,
the R2 values increased. Wi, Ka and Vx reach almost 1, Re
and Ge 0.77 and 0.85. Based on the coverage normalization
(Supplementary Figure S5), Gd has 1 SNP per 4,666 bp, Reute
has 1 SNP per 1,912 bp followed by Ka (1 SNP per 630 bp),
Wi (1 SNP per 206 bp) and Vx (1 SNP per 143 bp). The gene
normalization methods (Supplementary Figure S6) indicate
that chromosome 19 and chromosome 26 exhibit significantly
(q ≤ 0.05) more SNPs than the other chromosomes.
The SNP intersection shows 1,541 SNPs are shared by
all accessions (Figure 3). There are accession specific SNPs
(exclusive SNPs) as well. Most exclusive SNPs are present in Vx
(31,818), followed by Wi (22,014), Ka (7,905), Re (4,793) and Gd
(2,184) (Figure 3, vertical black bars). Gd is sharing 94% of its
SNPs with other accessions, Ka and Re share > 87%, Wi shares
65% and Vx 40% SNPs with all other accessions.
Applying a filter to extract exclusive SNPs supported by≥ 90%
of the samples, Wi and Ka have most exclusive SNPs/InDels, Wi
has 4,007 unique SNPs, Ka 3,393. 890 SNPs are only present in
the Re accession while in the Vx accession 21 exclusive SNPs were
found (Supplementary File 3).
100 kbp SNP hotspot regions were detected to survey
the P. patens accessions (Supplementary Figure S7 and
Supplementary File 2). On Chr26, starting at 300,000 bp,
a hotspot region is present in all accessions. All accessions
but Gd share one region on Chr19. Gd, Re and Ka share
100 kbp hotspot regions on Chr03 and one on Chr06.
Ka, Wi, and Vx share regions on Chr04, 07 and 13
(Supplementary Figure S7 and Supplementary File 2).
Biased GO terms of the described regions are shown in
Supplementary Figure S8. Most 100 kbp SNP hotspot
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FIGURE 2 | Average snpEff output for each accession. Shown are average numbers of SNPs affecting specific regions, highlighted in a schematic gene structure
shown below the corresponding grouped columns. Most SNPs are up- and downstream of genes (intergenic). SNPs at splice site regions are intron SNPs, located
on the first and last two intron base pairs.
FIGURE 3 | SNP intersection of the five accessions. The horizontal colored bars on the left show the total number of SNPs per accession after applying all three filter
steps. The bars to the right show the geographic distance to the reference Gd. The colors represent the five accessions throughout the text. The vertical black bars
show the number of intersecting SNPs, marked by the dots below.
regions are overlapping with the SNP hotspots found
by (Lang et al. (2018); Supplementary File 2, Table B).
However, there are also a few hotspot regions only found in
the present study.
Using an artificial FASTA alignment of all SNPs, we performed
a clustering analysis (Figure 4). Samples of the accessions Gd,
Re, Ka, Vx and Wi are clustering with each other, respectively,
indicating that our approach is able to detect the respective
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FIGURE 4 | Circularized SplitsTree network based on an artificial FASTA SNP alignment file. The Neighbor-Joining tree of five P. patens accessions is shown. All
libraries cluster within their accession and applied treatment, except for the marked libraries: (A) Sample Re_REUTE-2012_CI_3 has 100 x lower read coverage than
the other Re samples. It clusters next to the low read coverage Vx samples. (B) Sample Gd_WT-Grenoble_CIV_1 is a Gd outgroup. (C) Ka sample which was falsely
annotated as Gd at the NCBI SRA (XVIII_1_PE_WTY), determined by exclusive SNP analysis (Supplementary File 3, Sheet Ka_exclusive_SNPs).
genetic background. The three European accessions form a clade
to which Ka and Wi are sister. One Re sample, belonging to
the experiment CI_3 (NCBI BioProject PRJNA411193), does not
cluster with the other Reute samples (Figure 4A). The number of
reads in this sample is 100 x lower than in the other samples of
experiment CI, potentially causing biased SNP calling and hence
incorrect clustering. The Gd sample CIV_1 (Figure 4B) possesses
an outlier position with regard to the other European samples.
The sample of the NCBI BioProject PRJNA411163 is annotated
as Gransden accession. However, it could be shown by clustering
(Figure 4C) and exclusive SNP analysis that the sample belongs
to the accession Kaskaskia. Principal component analysis (PCA)
of SNPs as well as InDels recapitulates the SNP clustering results
(Supplementary Figure S9). The samples from Szövényi et al.
(2017) went into the SNP calling pipeline as a blind test. The
sample origin was originally marked as unknown. Both clustering
methods assigned the samples to Vx, with corresponds to the
origin confirmed by the authors.
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SNP Comparison of Gransden Pedigrees
Gransden is more widely used in laboratories than any of
the other P. patens accessions. Based on information retrieved
from the laboratories involved, the Gransden accession was
classified into four pedigrees, Germany (DE), United Kingdom
(UK), Switzerland (CH) and Japan (JP) (Figure 5). The original
Gransden accession from the United Kingdom made it first to
Hamburg, Germany (founding the DE pedigree), before it was
sent to Lausanne, Switzerland (CH) and Okazaki, Japan (JP).
The Lausanne strain was sent to Versailles, France and further
distributed to Padova, Italy and Grenoble, France. In 1998,
Gransden DE arrived in Freiburg, Germany. In Freiburg the Gd
plants went through sexual reproduction (selfing) once per year.
Starting 1999 the Freiburg pedigree went through nine rounds of
selfing leading toWT9. The offspring were labeled by consecutive
numbers or the year of sexual propagation. Gransden Freiburg
(WT9) was sent to Uruguay, Beijing (China) and Marburg,
Germany. Gransden Marburg started in 2011 and went through
selfing each year except 2013. The Gd United Kingdom 2004
sample was sent to St. Louis, United States (Figure 5a) for gDNA
isolation and used to sequence the P. patens reference genome
(Rensing et al., 2008). However, the GdUK 2004 reference sample
was not broadly distributed. In 2007, another Gd sample was sent
to St. Louis, USA from Okazaki, Japan. These plants were used
for further analysis and also sent to Columbia. It should be noted
that most papers that cite the reference genome paper with its Gd
2004 sample are actually using different pedigrees.
Our analyses show that Gransden accumulated different
mutations in different laboratories during prolonged in vitro
culture. To eliminate misleading SNP background noise, the
exclusive SNPs for the Gd pedigrees were detected after applying
read coverage and sample support filters. The intersection of
the four Gd pedigrees (Supplementary Figure S11) shows
that Gransden Germany (DE) has 1,112 exclusive SNPs while
Gd_CH has 67 exclusive SNPs, Gd_JP 187 and Gd_UK features
four (Figure 5). Because there is no SNP supported by at
least 90% of all samples of a specific pedigree, the extraction
of exclusive SNPs was done by getting the best supported
SNPs. SNP ranking by the number of samples that support
it was used to select the five most supported SNPs for a
given pedigree. The Gd_DE top five SNPs are supported by
76–77 samples, Gd_CH between 12 and 18 samples, Gd_JP
by 12 to 29 samples. For Gd_UK three samples support
the top five list (Supplementary File 3). A clear clustering
based on the FASTA alignment file, as for the accessions,
is not possible (Supplementary Figure S10). In some cases,
the samples grouped by experiments instead of Gd pedigree,
which could be due to the low number of SNPs, and similar
genes being expressed, biasing the number of available SNPs
for the comparisons. If samples are highly specific for a single
tissue (e.g., antheridia bundles or spores), not all genes are
covered by the extracted transcripts and consequently SNPs
cannot be detected.
Since some of the samples have a documented sexual
propagation history (i.e., we know how many years/cycles
of sexual reproduction lie between samples) we used the
opportunity to determine whether SNPs were generally lost or
gained in these samples. We find that for samples that were
subject to regular sexual reproduction, SNP numbers generally
decreased along the timeline (Supplementary Table S12
and Supplementary Figure S12). The observed mutation
rate was found to be similar across the different pedigrees
(Supplementary Table S13).
Experimental Confirmation of Selected
SNPs via Sequencing and RFLP Analysis
For all primer pairs (Supplementary Tables S7, S8) covering
SNPs specific for different accessions, PCR amplicons could be
generated. Sequencing analysis of the PCR products showed in all
tested positions (9/9 positions, Supplementary Tables S7, S8) the
presence of the predicted SNP in the corresponding accessions’
and Gd pedigree background (Supplementary Figures S13–
S17). To provide an easy and cheap tool to distinguish
the different accessions, RFLP analysis (Figure 6) was
successfully established for the SNPs Re_c3_17747483_A-
T, Vx_c3_2712099_A-G and Ka_c01_25061888_C-G
(Supplementary Figures S13–S15). The Re_c3_17747483_A-T
amplicon (1,255 nt) was digested with NdeI resulting in two
fragments (990 nt and 265 nt) for the accessions Gd, Ka and Vx,
and absence of digestion in Re (Supplementary Figure S13).
For Vx_c3_2712099_A-G, the amplicon of 1,366 nt was digested
with SwaI leading to two fragments (1,063 nt and 303 nt) in
Gd, Ka and Re but not in Vx (Supplementary Figure S14). For
Ka_c01_25061888_C-G, the 1,342 nt amplicon was digested with
XbaI resulting in two fragments (984 nt and 358 nt) in Gd, Re and
Vx, but no digestion in Ka (Supplementary Figure S15). Results
for SNPs not tested by RFLP (Supplementary Table S8) for two
accession primer pairs (Re_c04_21933417 and Vx_c13_4764050)
and five Gd pedigree primer pairs (Gd_DE_c02_12750876,
Gd_DE_c05_3105395, Gd_DE_c12_2095061, Gd_JP_c20_868
8243, Gd_CH_c23_11248087), show the presence of the
predicted accession and Gd pedigree SNPs on the sequence level
(Supplementary Figures S16, S17).
Natural Population Variation and
Selection
Samples of pedigrees with known propagation history were
chosen to estimate the annual number of mutations per base
pair (observed mutation rate). The time period covered is six
years for Gd and eight years for Re. The number of SNPs
called for all pedigrees generally decreases under regular sexual
propagation. The same is true for the estimated mutation rate
(Supplementary Table S13). The lowest annual mutation rate
with 2E-07 was detected for the Freiburg WT11 (FR_WT11)
pedigree, the highest rate for Reute-2012 with 4E-06.
The diversity of genome-wide SNPs found within the
Wisconsin natural population single spore isolates is lower
compared with three selfed generations (pedigrees) of
laboratory accessions. The lower numbers can be observed
both on sample/spore and on pedigree/capsule level
(Supplementary Figure S18). However, on the level of the
artificial FASTA alignment of the gene body SNPs, represented
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FIGURE 5 | Gransden pedigree. The pedigree diagram shows Gransden strains of 13 different labs used in the present study. The Gransden accession was
arranged in four different pedigrees, Germany (DE), United Kingdom (UK), Switzerland (CH) and Japan (JP). The United Kingdom pedigree was sent to St. Louis,
United States in 2004 and used to sequence the reference genome (a). However, this strain was not used or broadly distributed afterwards. The plants analyzed in
St. Louis are derived from the Japan pedigree (2007). Pedigrees shown in stacked boxes went through yearly selfing. + Since 2011 yearly selfing except 2013.
* Since 1999 Gransden Freiburg went through nine generations leading to WT9. The numbers of samples and exclusive SNPs for each of the four pedigrees are
shown to the right (also shown in Supplementary Figure S11).
by a Splitstree tree (Figure 7), similar normalized branch lengths
for Wi samples and most Re and Gd pedigrees can be observed.
The ploidy test using GATK with n = 1 and n = 2 resulted
in a high rate of congruence for Wi. The n = 1 explained
84.3% – 95.6% (average 88.1%) of the SNPs called in the n = 2
run (Supplementary File 7). Approximately 18% of the Wi
SNPs are heterozygous, a lower number than for any of the
other accessions/pedigrees (Supplementary Table S14). Hence,
the naturally occurring heterozygosity of the Wi population is
lower than that observed in cultured samples. Much of what is
detected as heterozygous is probably due to very closely related
(identical and near-identical) paralogs that are known to be
present in the P. patens genome (Rensing et al., 2008). Yet,
the low apparent Wi heterozygosity reinforces that P. patens is
a predominantly selfing species (Perroud et al., 2019; Meyberg
et al., 2020; Rensing et al., 2020).
We calculated the rate between non-synonymous
nucleotide changes (Ka) and synonymous changes (Ks)
per sample and accession (Supplementary Table S11 and
Supplementary File 7). Over all samples, the Ka/Ks rates follow
a clear linear trend (R2adj = 0.98, Supplementary Figure S19),
suggesting neutral evolution (no global selective pressure).
However, most individual samples deviate from the 99%
confidence interval of the linear regression and hence
putatively show evidence of negative selection (Ks  Ka),
or positive (Darwinian) selection (Ka  Ks). The accession
Gd, which represents the genome reference, apparently is
under negative selection, all the other four accessions show
evidence of positive selection (Supplementary Table S11 and
Supplementary File 8). The GO bias of genes affected by
non-synonymous changes was calculated and visualized via word
clouds (Supplementary Figure S20).
DISCUSSION
Read Analysis and SNP Discovery
Here, we analyzed sequence variants in P. patens accessions
and Gransden pedigrees using mainly sequences from gene
expression (RNA-seq) experiments. Therefore, this study is
limited to the gene space, lacking information of most of
the intergenic regions, where the selection pressure is lower
and more changes accumulate (Krasovec et al., 2017). On
the other hand, the advantage of using RNA-seq data is
the much higher availability of data. Very few genomic data
sets, and with low sequencing depth, are currently available
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FIGURE 6 | Schematic visualization of the restriction fragment length polymorphism (RFLP) analysis. (A) Electropherogram of the sequenced amplicons generated
via PCR using forward and reverse primers. (B) PCR amplicons of the samples I and II covering the same genomic position in two different P. patens accessions.
Sample I sequence includes a restriction enzyme site for NdeI (orange). Sample II contains a single nucleotide polymorphism (SNP, red) resulting in the loss of the
restriction enzyme site. (C) If amplicons are digested via the corresponding restriction enzyme NdeI, sample I results in two bands when separated via gel
electrophoresis, whereas sample II results in one band. See Supplementary Figures S13–S15 for experimental verification of the accession-specific RFLP regions.
for P. patens accessions and Gransden pedigrees. However,
hundreds of RNA-seq experiments could be used in this study,
allowing much higher resolution to detect sequence variants
in genes. To ensure the quality of the SNPs found, several
filters were applied. Finding a feasible filter for the called SNPs
is a major step during the analysis due to risk of over- or
underestimation. The presence of RNA spike-ins in some of
the samples, which mimic natural eukaryotic mRNAs, gave us
the opportunity to distinguish sequencing/mapping errors from
actual sequence variants.
Single nucleotide polymorphisms filtering is required to
reduce the false-positive rate of SNP detection. Amplification
errors during sample preparation and sequencing (Ma et al.,
2019) can lead to incorrectly called SNPs as well as software
issues while mapping and SNP calling (Ribeiro et al., 2015). We
used RNA spike-ins to detect such false-positive SNPs. Spike-
ins do not exhibit SNPs. Hence, all called SNPs in spike-in
mRNAs represent sequencing or computation errors. The read
depth filter was adjusted to remove spike-in SNPs without losing
too much sensitivity. GATK output VCF files contain a lot of
information about the background data of the SNP, inter alia,
read coverage at the SNP position. By extracting all spike-in
SNPs and evaluating different parameters, the read coverage
parameter [DP] and the parameter of how many reads at that
position were supporting the SNP [AP], seemed to be the most
feasible parameters to filter out spike-in SNPs. The number
for DP of nine reads was chosen because only 4/381 spike-
in SNPs were left after applying that filter (equaling 1% false
positives; at DP = 10 the sensitivity breaks down). Another
observation led to the sample support filter. SNP variation of
more than 30% between replicate RNA-seq samples could be
observed (Supplementary Figure S18,A). Using only SNPs found
in at least three samples removed the last four false positive
spike-in SNPs and makes the remaining SNPs more reliable. The
improvement of filtering can also be observed by comparing
the results with previously detected SNPs. The intersection of
SNPs called in this study and SNPs found by Lang et al. (2018)
shows an increasing number of intersection by applying the three
filtering steps (Supplementary Table S5). The SNPs found for
Re and Ka maybe have been under-estimated by Lang et al.
(2018). The accessions Re and Ka have a 10 x lower number of
SNPs compared to the accession Vx (Lang et al., 2018). Here,
the number of intersecting SNPs between (Lang et al., 2018)
and our results shows an almost 90% intersection of Vx SNPs
at the strictest filter step. For Re and Ka, the intersection is less
than 30% (Supplementary Table S5). Potentially, the absence
of Re and Ka SNPs in the previous study is a result of sub
optimally adjusted filter parameters or it could be an effect of
low read coverage. Sufficient read depth at library level, large
number of read mapping/coverage and high sequencing quality
are major foundations for high quality SNP calling results. In
some cases, it is possible that some SNPs were not found in one
Frontiers in Plant Science | www.frontiersin.org 13 July 2020 | Volume 11 | Article 813
Haas et al. P. patens SNP Detection
FIGURE 7 | Splitstree tree of Wisconsin natural population and three
generations of Gd and Re. The tree is based on part of the artificial SNP
FASTA alignment containing Wi samples (without the bacterial contaminated
spore capsule experiment 2) and three generations of Re (2007, 2012 and
2015) and Gd (2011, 2012 and 2015). The Splitstree network tree was branch
length-corrected by the maximum number of covered base pairs (see
coverage normalization in section “Materials and Methods”).
accession or strain because the data available for that position and
accession was not enough to detect it in a reliable way. Samples
with low read coverage show inconsistency in SNP-to-read
correlation (Supplementary Figures S3–S5). A reason for this
behavior could be non-linear relation between number of SNPs
and number of reads for very high and very low read numbers.
Samples with a low number of reads can lead to incoherent SNP
calling results due to stochastic coverage fluctuation. The high
variability in such low read coverage samples can be observed
in Supplementary Figure S5: the data range of Wi and Vx are
wider than all the others. The low number of reads available for
the Vx laser capture experiment (BioSample PRJNA602303) is
probably related to the RNA-seq extraction technique, yielding
small amounts of RNA that might be prone to bias before and/or
after amplification.
To reduce the SNP per read effect, we normalized the
SNPs by the coverage method, resulting in an observable
increase of linear relationship (Supplementary Figures S3, S4).
The number of SNPs called for each sample became more
reliable in terms of comparability and reflect well previous
studies and expectation of genetic distance coinciding with
geographic distance (Supplementary Figure S2). The RNA-
seq based SNP pipeline described here can in future be
applied to stringently call SNPs for P. patens accessions
and pedigrees, or can be adjusted to suit data sets from
other model organisms for which a reference genome or
transcriptome is available.
SNP Comparison Between Accessions
When locating the position of the SNPs in the genome, most
of them were found in non-coding regions upstream and
downstream the gene body (UTRs), as well as in introns and
splicing sites within the introns. Many changes were observed
in the coding sequences of the five accessions. These changes
may lead to alterations in the protein sequence of the final gene
product, by changing start or stop codons, or producing frame
changes (Table 1).
The total number of filtered raw SNPs per accession (Figure 3)
in comparison to the Gd genome reference shows (as expected)
the Gd accessions as the one with the smallest number of changes
followed by Re, Vx, Wi and Ka. This order agrees with the
distance to the Gd geographical location in the Southeast of
England (Supplementary Figure S2): Re (Hiss et al., 2017) and
Vx (Kamisugi et al., 2008) in close vicinity to each other at the
border of France and Southwestern Germany, and Wi and Ka
(Perroud et al., 2011) in North America.
Results from Lang et al. (2018), where variance at genomic
level was detected using the accessions Re, Vx and Ka, showed
a SNP rate of one SNP per 1,783 bp for Re, per 644 bp for Ka
and 188 bp for Vx while another study found a SNP rate of one
SNP per 207 bp for Vx (Ding et al., 2018). Similar results for
the number of base pairs per SNP can be found for the RNA-
seq analysis in this study (Re 1 SNP each 1,912 bp, Ka 630 bp
and Vx 143 bp) (Supplementary Figure S5). The SNP density
based on RNA-seq (this study) and gDNA (Lang et al., 2018) is
similar, althoughmore SNPs are expected to be detected based on
gDNAdue to the presence of intergenic regions that are not under
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selection. This could be another indication of an underestimated
SNP number as discussed above. In any case, our method using
RNA-seq data for gene space SNP calling yields appropriate
results allowing to estimate differences in accessions by SNPs.
We have chosen two different methods to cluster the SNPs
related to each sample. An artificial FASTA alignment with all
SNPs as well as amatrix including SNPs and indels. Bothmethods
show similar results (Figure 4 and Supplementary Figure S9).
The outlier sample Re_CI_3 has a very small read number,
probably yielding misleading results. Sample Gd_CIV_1
also appears as an outlier (Figure 4). However, in the
PCA 3D plot, the sample clusters according to expectation
(Supplementary Figure S9). Our SNP pipeline had proven its
functionality by blind tests as well as by pointing out unexpected
metadata errors. The sample Ka_XVIII_1 was re-sequenced
to replace a previous Gd experiment in which one of the
triplicates failed (Perroud et al., 2018). For this sample, our SNP
clustering (Figure 4) shows clear evidence for the accession
being Ka, not Gd. Indeed, manual checking exclusive SNPs
there is no doubt that it is Ka (Supplementary File 3, Sheet
Ka_exclusive_SNPs). Most probably, the plant material was
accidentally mislabeled.
The extraction of exclusive SNP sets for each of the five
accessions helps to identify unknown P. patens sequences. Here
we provide a set of SNPs for all examined accessions that will be
useful for molecular identification of accessions. The low number
of exclusive Vx SNPs are based on the uniqueness of the single Vx
samples. Each Vx sample provided a big list of SNPs, but a high
number of these SNPs were only available in one or two other Vx
samples. A higher read coverage or more standardized mRNA
could solve this issue. For low coverage reasons, we were not
using the read coverage filter for the detection of exclusive SNPs.
High sample support was chosen as an alternative and promoted
exclusive SNP selection in a reasonable way, yielding confirmable
molecular identification.
Observed approximate linearity between number of called
SNPs and reads per sample (Supplementary Figure S3) lead to
the read normalization method. When applying the coverage
method that takes into account the fraction of the gene space
covered by enough reads to allow SNP calling, linearity increased
even further (Supplementary Figure S4). While both raw and
normalized counts lead to the same conclusions in terms of
genetic distance, we suggest the coverage normalization to most
accurately describe the data.
SNP Comparison of Gransden Pedigrees
Gd is the current reference accession for P. patens, and was used
to generate the genome sequence (Rensing et al., 2008; Lang
et al., 2018). However, over the years of cultivation in the lab,
it has shown an accumulation of somatic mutations which was
confirmed in this study and observed before, culminating in
observable phenotypic changes (Meyberg et al., 2020). One of the
characteristics of laboratory models is the capacity to maintain
the organism cultivated in the lab for multiple generations, being
able to progress through the complete life cycle. The reduction
of fertility of Gd accessions in the lab limits experimental
design, especially when studying sexual reproduction or when the
generation of off-spring is required for the experiments. For this
reason, the accession Reute, which shows the lowest number of
differences with the Gd genome reference, and which has a much
higher fertility than Gd (Meyberg et al., 2020) has been proposed
as an alternative to study sexual reproduction (Hiss et al., 2017;
Meyberg et al., 2020).
Due to changes in land use, at the original Gransden
collection site no P. patens can be found anymore. However,
phenotypic data suggest that Gransden was not always infertile,
because Gd_JP shows intermediate fertility between Re and
extant Gd_DE pedigrees (Hiss et al., 2017; Meyberg et al.,
2020). Our data show that, as expected, Gd_UK shows
the lowest number of SNPs as compared to the reference
genome that was derived from Gd_2004 (UK). All other
pedigrees show substantial and unique SNPs (Figure 5 and
Supplementary Figure S11), demonstrating that during in vitro
culture somatic mutations occur and accumulate in independent
fashion. The practice of regular sexual reproduction of the
cultured strains has the advantage that by this procedure
it is ensured that the full life cycle can be followed. On
top of that there is evidence that even during selfing
P. patens is able to effectively purge deleterious mutations
(Szövényi et al., 2017).
By comparing the normalized gene space SNP count of the
Wi natural population samples with those of selfed progressions
of Re and Gd laboratory strains we can estimate the genetic
variability occurring in natural vs. laboratory samples (Figure 7
and Supplementary Figure S18). Interestingly, the variation of
three generations of homozygous (selfed) Re and Gd offspring
is similar to that observed in naturally occurring Wi samples
(representing the same generation but four spore capsules
and five spores each). Based on the normalized data, the
three generations of selfed laboratory cultures might even have
acquired and retained slightly more mutations than visible
in the single Wi natural population. We conclude that a
substantial amount of genetic variation occurs both through
somatic mutation during vegetative propagation (Meyberg
et al., 2020) as well as during sexual propagation by selfing.
However, since the practice of regular selfing selects for fertility
it seems preferable to follow that practice over exclusive
vegetative propagation.
Like for the accessions, specific SNPs for each pedigree were
extracted. The diversity of Gd pedigrees is lower than that
of the accessions and hence there were not enough samples
supporting the same SNP. To detect exclusive SNPs for each
pedigree ranking the SNPs by sample support gave us the
opportunity to extract the SNPs supported by most of the
samples. Obligatory for this method is a correct metadata
grouping of the samples. If samples would be described to
be the wrong pedigree, exclusive SNPs cannot be accurately
determined. Another issue is the sub-clustering of samples.
We can observe this for the Gd_JP pedigree as well as for
Gd_UK. There are SNPs in the Japan pedigree that occurred
in St. Louis, after it was brought to the USA. Our Gd_JP
sample set is mostly represented by samples from the USA.
Extracted exclusive SNPs with high sample support can thus
be scored for the JP- > USA pedigree, but maybe not for the
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full Gd_JP pedigree. Nevertheless, our provided exclusive SNP
list can be used to classify the origin of unknown samples
(Supplementary Figure S17).
Experimental Confirmation of Selected
SNPs
In large experiments that handle many samples, mistakes might
occur during the management of the samples in the lab,
in the sequencing facility or during later data analysis. The
identification of exclusive SNPs in the P. patens accessions
allows the detection and correction of mistakes in experimental
metadata, such as the ones mentioned earlier (Figure 3), in silico.
Moreover, the exclusive SNPs found in the different accessions
were used to identify unique targets for restriction enzymes,
allowing the development of RFLP assays to differentiate between
the P. patens accessions. The presence of the predicted SNPs
in all tested sequences confirms the successful and stringent
SNP selection presented here. The successful establishment
of the RFLP analysis for the P. patens accessions provides
a fast and cheap tool to test the accession background
of laboratory strains as well as newly collected P. patens
accessions. With regard to the Gd pedigrees so far, no
SNPs within a restriction enzyme site with enough sample
coverage could be identified. However, differentiation between
Gd_DE, Gd_JP and Gd_CH could be performed successfully
based on the sequencing data (Supplementary Figure S17).
Thus, SNPs between the Gd pedigrees need to be analyzed
via sequencing so far, but including more Gd data sets
in the presented approach and/or analyzing a small subset
of Gd pedigrees could help to improve and identify SNPs,
which could be used within a future RFLP approach to
differentiate Gd pedigrees.
Independent of the RFLP method, the origin of P. patens
plant material can be discovered by using the presented primers
(Supplementary Tables S7, S8) and sequencing the amplicon. If
sequencing data is already available (single fragments, RNA-seq
or gDNA sample[s]), our pipeline and the exclusive SNP sets can
be used to easily identify plant origins.
Natural Population Variation and
Selection
The number of observable mutations on the level of a naturally
occurring population (Wi single spore isolates) is in the
approximate same range as the mutations occurring in
culture undergoing annual sexual reproduction (Figure 7 and
Supplementary Figure S18). For samples mainly propagated
vegetatively, observed mutations are somatic in nature.
For samples that regularly go through sexual reproduction,
changes introduced via meiotic recombination cannot
be distinguished from somatic changes. Intriguingly, the
number of detected SNPs was found to decline over time in
samples with a known heritage of regular sexual reproduction
(Supplementary Tables S12, S13). We take this as evidence that
sexual reproduction, even in a haploid, selfing species is able
to efficiently purge deleterious mutations, as previously shown
(Szövényi et al., 2017).
Consequently, the majority of the observed mutations
probably are somatic. The observed mutation rates (changes
per year and site) are in the range of 7E-07 to 4E-06
(Supplementary Table S13). Studies in other plants found
rates in the E-08 range (Hanlon et al., 2019; Schoen and
Schultz, 2019). The observed P. patens mutation rates are
approximately two orders ofmagnitude higher than the estimated
rate of synonymous substitutions per synonymous site per
year, 9E-09 (Rensing et al., 2007). Hence, in vitro propagation
of P. patens apparently leads to the fixation of a higher
number of mutations than occur naturally, and maybe more
than described in other plant propagation systems. Many labs
perform regular shredding of protonemal tissue for propagation.
This mode of propagation might increase the number of
fixed somatic mutations via induction of the DNA repair
system through cell damage, potentially resulting in higher
mutational load.
The Ka/Ks ratio of the Gransden pedigree generally is
below 1, suggesting potential negative (purifying) selection on
many loci (Supplementary Table S11). All other accessions, to
the contrary, exhibit ratios larger than 1, suggesting potential
positive (Darwinian) selection. The latter is regardless of whether
they are naturally occurring (Wi) or cultured (Ka, Re, Vx).
Potentially, the decades-long vegetative culture of Gd, most of it
vegetatively, led to the expression of negative selection. All other
accessions are much more recent isolates and in particular all Re
samples studied went through annual sexual reproduction, which
apparently effectively purges deleterious mutations. Interestingly,
the GO terms over-represented among those genes affected
by non-synonymous changes (Supplementary Figure S20)
include microtubule-based movement (Re) and reproduction
(Vx), fitting recently published data that show these terms
contrasted between male infertile Gd and fertile Re (Meyberg
et al., 2020). It appears probable that the artificial environment
of vegetative in vitro Gd propagation led to a loss of fertility
due to loss of selection pressure on genes required for
sexual reproduction.
CONCLUSION
Our study of sequence variants in P. patens laboratory strains
revealed the accumulation of somatic mutations over years of
cultivation, some of which can be detrimental e.g., with regard
to fertility. It appears to be good practice to regularly let
the lab cultures reproduce sexually, in order to keep selective
pressure and to purge deleterious mutations. Since the original
Gd accession is not available any more, and Gd JP shows less
fertility than Re, it appears sensible to use Re (with its low number
of SNPs as compared to Gd) for any studies that shall involve the
life cycle. The identification of exclusive sets of SNPs for P. patens
laboratory strains and accessions allowed the development of
RFLP tests to identify the different accessions. Similarly, Gd
pedigrees can be identified by sequencing of PCR products based
on the pedigree-exclusive SNPs determined in this study. The
variation of selfed laboratory strains is on the same order of
magnitude as that of a natural population analyzed.
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6 Concluding remarks 
 
RNA-seq data analysis was the basis for the major parts of this thesis. The results achieved in this work 
improved not only the understanding of gene functionality of the model organism Physcomitrium 
patens, but also methods like a user-friendly pipeline to analyse terabytes of RNA-seq data were 
developed and efficiently used. High resolution gene expression studies, current as well as additional 
gene model annotations benefit from these developments. During the last two years, the RNA-seq 
pipeline was tested in several studies and always demonstrated high performance (Lanver et al., 2018, 
Chandler et al., 2020, Meyberg et al., 2020) (Not yet published: Ustilago maydis light response project). 
Another tool, PEATmoss, simplifies the data accessibility and helps to keep track of currently published 
and upcoming expression experiments. The implemented gene lookup table enables gene annotation 
version conversion. Novel designed pipeline extensions detected genetic variation. Unique SNP sets of 
five different P. patens accessions assist the community to determine their plant’s origin. Therefore, 
the RFLP toolkit with predesigned primer and enzymes is available. The genetic variation study showed 
that somatic mutation occurs and accumulates in Gransden pedigrees.  
Not only the P. patens community benefits from the established DEG and SNP pipelines, in its methods 
and results, but the extremely flexible and modular implementation opens the field for a broader usage 






7.1 RNA-seq pipeline 
 
Over the past few years, several RNA-seq pipelines were published. Specific tools and platforms were 
developed to perform RNA-seq analysis. Each pipeline approach has its own specific niche. Pipelines 
developed by (Goncalves et al., 2011, Varet et al., 2016) are designed for the R environment. (Alonso 
et al., 2017) prepared a pipeline for high-performance computing clusters and (D'Antonio et al., 2015) 
published a cloud-web-based RNA-seq pipeline. Not only does the platform or the interface differ, but 
the chosen tools that perform the individual subfunctions in the pipeline are functional. While the 
RNA-seq pipeline PRADA by (Torres-García et al., 2014) uses the standard UNIX environment just like 
our pipeline, the programs to perform the individual tasks are built differently. There is not one 
‘correct’ or best decision to choose among pipelines, but it is rather a fine balance of individual needs. 
For example: “Does the dataset consist of paired-end or single-end libraries?”, “Is it pure RNA-seq or 
with additional gDNA samples?” “Is the main focus on speed or accuracy?” are some of the questions 
that users are faced with.  
 
Figure 7: Beta version of the RNA-seq pipeline. A) The initial part represents quality control and filter steps. The branch shown 
in B) generates expression data and calls DEGs. In C) sequence variation is detected. The procedure of SNP calling is shown in 
D). The most recent and unpublished branch at E) is the transcriptome assembly part. 
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Here, my designed RNA-seq pipeline results are accurate and easy to maintain. After the initial release 
by (Perroud et al., 2018), I continuously updated the pipeline. The new release was published by (Haas 
et al., 2020). The most recent version of the RNA-seq pipeline is shown in Figure 7. It is still in the beta 
phase since not all components were fully tested for stability and accuracy. The new branch, shown in 
Figure 7 E, describes transcriptome assembly, genome-guided and de novo. This part can loop back to 
the expression data segment (Figure 7, B) as well as to the filter step (Figure 7, A). Our pipeline is 
prepared for future tasks like long read performance or BS-seq analysis. 
 
7.2 Additional accessions and sequence variation 
 
In this thesis, five P. patens accessions were shown. However, there are more than these five P. patens 
accessions available. The International Moss Stock Center (IMSC) currently offers more than 14 
different P. patens accessions (https://www.moss-stock-center.org/fileadmin/user_upload/pdf/IMSC-
wildtypes.pdf). Since the accession Gransden shows a loss of fertilization, new fertile accessions are 
needed (Hiss et al., 2017, Meyberg et al., 2020). Sequence variation studies between all accessions 
could finalise my population studies and improve the results shown in chapter 5.4. Of course, 
significantly more sequencing data would be required for such analyses. In general, more sequencing 
data results in a higher read depth and more sequence coverage. Both, high read depth and sequence 
coverage, are obligatory for reliable results, in any sequence study. This data can be used to observe 
the variation of different P. patens populations. Almost all published PCR primers or predicted 
restriction enzyme cutting sites were designed and performed with the Gransden accession or the 
Gransden reference genome. To avoid misleading results with these previously published primers and 
enzymes in future studies, we recommend using our methods and tools to determine SNPs located at 
targeted regions. 
By analysing sequence variation in multiple P. patens RNA-seq samples, we were able to answer a wide 
variety of questions. For instance, we detected sequence variation in Gransden pedigrees and 
estimated the annual number of mutations per base pair. Nevertheless, there are questions we did 
not answer. A follow-up project could be a mutation accumulation (MA) experiment. In such MA 
experiments, the effect of natural selection is minimised by maintaining isolated and inbred lines (MA 
lines) of organisms (Halligan and Keightley, 2009). Gransden could represent such a MA line. In contrast 
to Gransden, Wisconsin samples could be used to examine natural population studies. 
Another possible project related to the sequence variation analysis for the RNA-seq data could be the 
study of alternative codon usage. (Szövényi et al., 2017) used RNA-seq and microarray data to identify 
codon usage bias in P. patens. The presented results propose that synonymous codon usage is mainly 
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driven by nucleotide compositional biases (Szövényi et al., 2017). This results are opposite of what 
(Stenøien, 2005) showed in his study about the adaptive codon usage bias. By running analyses with 
the RNA-seq data presented in my work and the methods shown by (Szövényi et al., 2017) we could 
identify the codon usage related not only for one, but for five different P. patens accessions and 
Gransden pedigrees. 
 
7.3 Genome annotation improvement 
 
Since the JGI generated the first draft of the P. patens genome version 5 (V5) in 2017, we have finished 
the updated genome version V5.1. Major improvements for V5.1, compared to V3, are new arranged 
inner chromosomal structure and advanced gap closing. Expression data presented in this work will be 
used to perform the gene annotation upgrade.  
 
Figure 8: CoGe JBrowse screen shot of P. patens v3.3 gene models and upgradable sites . Three experiment tracks are visible 
in three rows. The first row shows Pp v3.3 gene models, the second row displays transcription start sites (TSS) data and the 
last row shows RNA-seq evidence. A) shows overlapping gene models. In B) a missing gene annotation is highlighted. TSS and 
RNA-seq evidence is present. C) shows RNA-seq evidence, by no gene annotation. An example for potential gene model 
correction is highlighted in D). The v3.3 gene model starts to late, after the TSS and RNA-seq evidence. The scale of gene 
models in A, B, C and D is not uniform. 
Several known issues were detected at the v3.3 gene model (Figure 8). For example, there are more 
than 1,000 gene models that overlap with other gene models (Figure 8, A). Multiple gene models are 
located on scaffolds that are not part of the 330 main scaffolds. Start/stop codon errors occur and 
frameshifts within exons are present. Additionally, missing gene models (Figure 8, B and C) and 
incorrect gene length (Figure 8, D) need to be fixed. Expression data presented in this work will be 
included to fix a lot of the known errors. Gene annotation v3.3 will be upgraded to v5. Upcoming 
sequencing projects will not only generate RNA-seq produced by Illumina sequencing. Long read 
sequencing, such as PacBio SMRT or Oxford Nanopores MinION, will lead to more precise gene models 
and corresponding isoforms (derived from alternative splicing). Long read sequencing will help to 
improve the v5 gene annotation, as well as the V5.1 genome. More gaps can be closed and scaffolds 
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can be linked to each other. Furthermore, the pseudo-chromosomal structure of the V3 and V5.1 
genome could become more enlightened. 
 
7.4 Gene set normalization 
 
PEATmoss is missing a useful gene set normalization implementation. However, the tool was published 
before the gene set normalization for comparing expression data across platforms (Supplementary 
9.3.2) was completely developed. In general, it is not possible to directly compare microarray and RNA-
seq expression values. Due to different designs and normalization methods, the average of normalized 
RNA-seq expression values is a magnitude of 10 to 10,000 smaller than array expression values. 
Reference genes, known from qPCR quantification (Pfaffl, 2001), are a feasible option to set up 
comparable values. The gene set presented (Supporting information 9.3.2) was designed to compare 
the full microarray and RNA-seq datasets. The adequate implementation of the method would allow 
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9 Supporting information 
9.1 The Physcomitrella patens chromosome‐scale assembly reveals moss genome 
structure and evolution 
 
Supporting material can be found at: https://onlinelibrary.wiley.com/doi/full/10.1111/tpj.13801 
#support-information-section 
9.1.1 Organellar SNPs 
 
Table S1: SNPs between the old (published) assemblies and the new assemblies described in (Lang et al., 2018). 
https://onlinelibrary.wiley.com/action/downloadSupplement?doi=10.1111%2Ftpj.13801&file=tpj13801-sup-0001-Appendix 
S1.docx, (original paper table S7) 
Chloroplast assembly  41 T - 56512 
SNP new old pos  42 A - 56513 
1 A G 9799  43 A - 56514 
2 - T 9800  44 G A 56520 
3 - G 9801  45 A G 56521 
4 C T 9803  46 A G 56523 
5 A G 11088  47 T A 56826 
6 A C 12136  48 T - 56923 
7 A - 12320  49 T - 56999 
8 T C 15522  50 A - 57167 
9 - T 16634  51 A G 57805 
10 A C 16867  52 T C 57884 
11 T - 18666  53 T - 60825 
12 C T 19324  54 A G 60939 
13 G A 25850  55 A G 61338 
14 T G 25857  56 C G 64095 
15 T G 25858  57 C G 64126 
16 T C 25259  58 A T 65087 
17 A - 26170  59 - A 65089 
18 T C 27718  60 A T 65092 
19 - A 28553  61 T A 66289 
20 T C 29844  62 A G 67307 
21 - A 32423  63 G A 68438 
22 G A 36125  64 A T 69793 
23 A G 38034  65 A T 70256 
24 A G 38068  66 A G 70666 
25 T C 38138  67 T - 93793 
26 - A 41978  68 A C 96123 
27 A T 44962  69 A C 97910 
28 A T 44964  70 A - 98127 
29 A T 44969  71 A - 98128 
30 A T 44974  72 A - 98129 
31 A - 44985  73 T C 98880 
32 T - 45047  74 W A 103791 
33 A G 45242  75 T C 107224 
34 A G 46450  76 A - 114353 
35 T - 52832      
36 T - 52833      
37 T - 54604  Mitochondrial assembly 
38 A - 56476  SNP new old pos 
39 A T 56509  1 T N 48612 
40 T - 56511  2 T Y 50872 
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9.1.2 Contamination screening 
 
The sequencing databases are still growing and more information is added each day. Between 2008 
and 2018, billions of new base pairs were uploaded to the NCBI GeneBank database 
(https://www.ncbi.nlm.nih.gov/genbank/statistics/). For the decontamination analysis, that means 
that contaminated sequences maybe not found in 2008, could be find now.  
For the V3 decontamination process, we used the method detailed described in (Nishiyama et al., 
2018) and https://ars.els-cdn.com/content/image/1-s2.0-S0092867418308018-mmc5.xlsx . 
All as bacterial contaminated identified scaffolds are listed below: 
Additional screening based on homology, methylation and ChIP-seq evidence identified 21 of the 351 
unplaced scaffolds (namely, scaffold_30, 32, 34, 42, 46, 58, 70, 92, 96, 155, 169, 196, 356, 405, 476, 
602, 740, 853, 914, 915 and 1166, encoding in total 1.37 Mbp, 424 gene models in v3.1 and 479 gene 
models in v3.3) as potential contaminant. Those will be removed in the next genome release and have 
been removed from supplementary file 1: https://onlinelibrary.wiley.com/action/download 




9.1.3 Gene prediction and structural gene annotation 
 
https://onlinelibrary.wiley.com/action/downloadSupplement?doi=10.1111%2Ftpj.13801&file=tpj138
01-sup-0001-AppendixS1.docx, original paper page 14-17 
 
 












5' cap capture RNA 76 bp TSS CoGe 1 juvenile gametophores SRP092233 
5' cap capture RNA 101 bp mt/cp annot. 2 juvenile gametophores SRP092233 
BS-seq DNA 90 bp methylation 1 adult gametophores SRP092161 
 
Table S3: Novel deep sequencing datasets used in this study. 
Column “used for” lists the purpose these datasets were employed for in this study. All datasets were used as transcript 
evidence for gene prediction. (original paper table S10) 
 
Generation of the v3.2 genome annotation 
Short reads (Table S3) were assembled using our genome-guided in-house pipeline (PERTRAN, 
unpublished). These transcript assemblies and ~740K ESTs were assembled by PASA (Haas et al., 2003). 
Loci were determined by PASA transcript assembly alignments and/or EXONERATE alignments of 
proteins from Arabidopsis thaliana, grape, soybean, sorghum, rice, Chlamydomonas reinhardtii, and 
Swiss-Prot to a soft-repeat masked genome using RepeatMasker (Smit et al., 1996) with up to 2K bp 
extension on both ends unless extending into another locus on the same strand. Gene models were 
predicted by homology-based predictors, FGENESH+ (Salamov and Solovyev, 2000), FGENESH_EST 
(similar to FGENESH+, EST as splice site and intron input instead of protein/translated ORF), and 
GenomeScan (Yeh et al., 2001). The highest scoring predictions for each locus are selected using 















Sensitivity   
Exon 
Sensitivity
ABINITIO_PREDICTION cosmoss_V1.6 9.6 0.722 0.589 0.680 0.605 0.894 0.898 0.947 0.953
ABINITIO_PREDICTION EuGene_BMC_Genomics2013 5.0 0.582 0.502 0.518 0.502 0.870 0.880 0.945 0.963
ABINITIO_PREDICTION EuGene_more_data_w eights1 9.9 0.731 0.740 0.644 0.740 0.918 0.948 0.958 0.985
ABINITIO_PREDICTION EuGene_more_data_w eights1_AS 10.0 0.734 0.710 0.647 0.710 0.918 0.939 0.959 0.983
ABINITIO_PREDICTION EuGene_more_data_w eights2 9.1 0.707 0.711 0.625 0.711 0.910 0.948 0.958 0.984
ABINITIO_PREDICTION EuGene_more_data_w eights2_AS 9.1 0.707 0.678 0.625 0.678 0.910 0.938 0.959 0.981
ABINITIO_PREDICTION EuGene_retrained 9.1 0.707 0.711 0.625 0.711 0.910 0.948 0.958 0.984
ABINITIO_PREDICTION EuGene_w ith_intron_hints_alt_splice 10.0 0.734 0.710 0.647 0.710 0.918 0.939 0.959 0.983
ABINITIO_PREDICTION JGI_gene 6.3 0.622 0.551 0.542 0.551 0.861 0.887 0.929 0.956







EvidenceModeller Iteration EVM.first 0.699 0.639 0.625 0.639 0.883 0.928 0.956 0.977
EvidenceModeller Iteration EVM_prefinal1_Wminmax5 0.759 0.736 0.667 0.736 0.933 0.934 0.958 0.975
EvidenceModeller Iteration EVM_prefinal2_Wminmax5 0.757 0.741 0.666 0.741 0.934 0.937 0.958 0.978
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repeats. The selected gene predictions were improved by PASA. Improvement includes adding UTRs, 
splicing correction, and adding alternative transcripts. PASA-improved gene model proteins were 
subject to protein homology analysis to above mentioned proteomes to obtain Cscore and protein 
coverage. Cscore is a protein BLASTP score ratio to MBH (mutual best hit) BLASTP score and protein 
coverage is the highest percentage of protein aligned to the best of homologs. PASA-improved 
transcripts were selected based on Cscore, protein coverage, EST coverage, and its CDS overlapping 
with repeats. The transcripts were selected if its Cscore is larger than or equal to 0.5 and protein 
coverage larger than or equal to 0.5, or it has EST coverage, but its CDS overlapping with repeats is less 
than 20%. For gene models whose CDS overlaps with repeats for more than 20%, its Cscore must be at 
least 0.9 and homology coverage at least 70% to be selected. The selected gene models were subject 
to Pfam analysis and gene models whose protein is more than 30% in Pfam TE domains were removed. 
 
Generation of the v3.3 genome annotation 
V3.2 models were pooled with the previous catalog of gene predictions. Gene model support was 
assessed and used for definition of additional loci and selection of the representative isoform following 
the protocol established for the v3.1 annotation. Non-protein-coding genes (ncRNA) were predicted 
using a combined approach using multiple tools for each subclass. We generated ncRNA features and 
assigned specific Sequence Ontology terms (Eilbeck et al., 2005) and class attributes in GFF3. Infernal 
(Nawrocki and Eddy, 2013) was used to annotate general classes of ncRNAs using the RFAM (Nawrocki 
et al., 2015) covariance models. Infernal/RFAM, RNAmmer (Lagesen et al., 2007) and custom BLASTN 
searches with the SILVA database (Quast et al., 2013) and P. patens rRNA sequences to annotate rRNAs 
as maximal ranges. We used a consensus approach employing tRNAScan-SE (Lowe and Eddy, 1997), 
ARAGORN (Laslett and Canback, 2004) and infernal/RFAM to predict tRNAs including exon and 
anticodon features. Pre-miRNAs and miRNAs were annotated based on a combined approach 
combining the results from Infernal/RFAM (Coruh et al., 2015) and a mapping of the previous 
V1.6/miRBase annotation. Existing database identifiers and names e.g. miRBase or RFAM IDs were 
annotated using GFF3 Alias attributes. PASA assemblies without protein-homology or proteomics 
support were annotated as putative (long) ncRNAs. In addition, a comprehensive set of public sRNA-
Seq libraries (Coruh et al., 2015) was used to locate clusters of sRNA and putative hairpin and miRNA 
precursors using short stack (Axtell, 2013). Based on their overlap with the other annotation classes, 
these were classified into the subclasses: mRNA_sRNA_cluster, NCLDV_sRNA_cluster, 
ncRNA_sRNA_cluster, TE_sRNA_cluster and unclassified_sRNA_cluster. The latter does not overlap 
with any of the other annotations and most likely represent yet unknown loci targeted by 
heterchromatic siRNAs. Names include information about the type of sRNA cluster as annotated by 
shortstack (cluster, hairpin or miRNA). For the sRNAs overlapping an existing feature the name of the 
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overlapping feature and the strandedness is recorded in order to ascertain anti-/sense orientation e.g. 
in case of protein-coding or NCLDV gene regions. The annotated features are summarized in Table S4. 
Annotation files are provided in bed and GFF3 format (http://plantco.de/supplement/annotation_ 
bed_gff.7z).  
 
Table S4: Annotation (original paper table S11) 
  mRNA ncRNA 
predicted_by_ab_initio_computation 1 25 
supported_by_sequence_similarity 5137 1611 
supported_by_EST_or_cDNA 29108 1936 
supported_by_peptide_spectrum_match 405 0 
total 34651 3572 
A: Experimental support of the loci 
 
alternative major total 
mRNA 54904 34651 89555 
ncRNA 1010 3572 4582 
total 55914 38223 94137 
B: Transcript statistics for protein-coding and ncRNA genes 










ncRNA ncRNA sRNA 
cluster 






Chr01 2035 6283 17 5 18 147 57 15255 16619 508 2111 
Chr02 1856 5726 23 10 26 145 56 13103 8929 425 1678 
Chr03 1805 5185 13 6 9 168 81 12534 7173 392 1720 
Chr04 1499 4147 26 5 11 136 58 11500 5098 364 1368 
Chr05 1304 3636 12 6 7 135 62 10807 4320 329 1180 
Chr06 1411 3568 6 3 1 140 62 9877 3450 297 1267 
Chr07 1330 3737 3 3 1 108 42 9109 3114 272 1024 
Chr08 1157 3103 6 3 3 78 19 9309 3119 281 907 
Chr09 1180 3305 26 4 17 99 24 8923 2578 286 1026 
Chr10 1214 3054 14 4 12 100 37 8857 2531 293 940 
Chr11 1310 3467 10 4 4 71 18 8470 2432 288 964 
Chr12 1172 2929 0 1 0 99 46 8803 2457 308 863 
Chr13 1059 2636 10 2 4 93 31 9114 2672 321 738 
Chr14 1332 3595 9 2 5 105 45 8623 1936 250 913 
Chr15 1170 3127 21 6 13 94 38 8819 2059 256 897 
Chr16 1245 3257 23 5 12 95 36 8397 1717 266 835 
Chr17 1156 2829 3 2 1 88 35 8029 1773 270 803 
Chr18 934 2328 4 1 5 76 30 8422 1989 258 721 
Chr19 1023 2324 5 3 2 115 36 8298 1639 279 734 
Chr20 1115 2646 3 1 3 97 40 7832 1576 235 830 
Chr21 1013 2387 3 2 1 98 49 7959 1624 257 628 
Chr22 987 2496 4 2 2 125 66 7999 1465 273 626 
Chr23 1006 2419 1 1 0 86 43 7644 1432 258 626 
Chr24 959 2314 1 1 0 79 40 6819 1259 218 537 
Chr25 651 1650 9 2 4 56 23 5829 998 199 437 
Chr26 717 1698 1 1 0 73 32 5156 998 149 443 
Chr27 419 1101 1 1 0 39 24 2610 406 72 259 
scaffold
s 
2592 3485 3 1 2 827 867 2120 457 92 1256 
total 34651 88432 257 87 163 3572 1997 24021
7 
85820 7696 26331 
C: Chromosomal distribution of V3.3 annotations 
 
All v3.1 and v3.3 gene models can be observed in the table reachable file the following link. Gene 




9.1.4 CoGe uploaded tracks 
 
Table S5: Tracks (names and descriptions) available in CoGe. https://onlinelibrary.wiley.com/action/downloadSupplement 
?doi=10.1111%2Ftpj.13801&file=tpj13801-sup-0001-AppendixS1.docx, (original paper table S12) 
Track_name Description 
CHG_methylated_positions_adult_gametophores CHG methylated positions adult gametophores - 
minimal coverage of 9 and 90% methylated 
reads (whole genome BSseq) 
CHH_methylated_positions_adult_gametophores CHH methylated positions adult gametophores- 
minimal coverage of 9 and 90% methylated 
reads (whole genome BSseq) 
CG_methylated_positions_adult_gametophores CG methylated positions adult gametophores - 
minimal coverage of 9 and 90% methylated 
reads (whole genome BSseq) 
v1.2_unique_gene_models v1.2 gene models mapped on V3 genome - gene 
models with unique hits 
v1.2_multiple_hits_gene_models v1.2 gene models mapped on V3 genome - gene 
models with multiple hits 
v1.6_unique_gene_models v1.6 gene models mapped on V3. genome - 
gene models with unique hits 
v1.6_multiple_hits_gene_models v1.6 gene models mapped on V3 genome - gene 
models with multiple hits 
v3.1_gene_models v3.1 gene models (major isoform) 
v3.3_gene_models_all_isoforms v3.3 gene models of all isoforms 
v3.3_gene_models v3.3 gene models (major isoform) 
transposable_elements identified transposable elements 
SNPs_Reute_vs_Gransden genomewide SNP analysis comparing ecotypes 
Gransden and Reute 
SNPs_Villersexel_vs_Gransden detected SNPs comparing ecotypes Gransden 
and Villersexel 
SNPs_Kaskaskia_vs_Gransden detected SNPs comparing ecotypes Gransden 
and Kaskaskia 
array_probes_Nimblegen_v1.6_unique microarray probes NimbleGen with unique hit 
array_probes_Nimblegen_v1.6_multiple microarray probes NimbleGen with multiple hits 
array_probes_CBMX_v1.2_unique microarray probes CombiMatrix with unique hit 
array_probes_CBMX_v1.2_multiple microarray probes CombiMatrix with multiple 
hits 
TSS_juvenile_gametophores_log2 transcription start site based on 5-prime cap 
capture RNA seq data 
RNA-seq_evidence_chr01-27_log2 chromosome 01-27 RNA-seq evidence 
combined of all JGI Gene Atlas available data  
RNA-seq_evidence_scaffolds_log2 scaffolds RNA-seq evidence combined of all JGI 




9.2 The Physcomitrella patens gene atlas project: large‐scale RNA‐seq based 
expression data 
 
Supporting material can be found at: https://onlinelibrary.wiley.com/doi/full/10.1111/tpj.13940 
#support-information-section 
9.2.1 JGI Gene Atlas RNA-seq samples 
 
Table S6: Overview of the experiments and their primary library data presented in this study. 
https://onlinelibrary.wiley.com/action/downloadSupplement?doi=10.1111%2Ftpj.13940&file=tpj13940-sup-0002-TableS1-





9.2.2 JGI Gene Atlas RNA-seq tissue 
 
Table S7: Harvesting time point after initiation of the specific culture and experimental location for each experiment in this 
study. https://onlinelibrary.wiley.com/action/downloadSupplement?doi=10.1111%2Ftpj.13940&file=tpj13940-sup-0002-Tab 




9.2.3 Found DEGs 
 
Figure S1: Overview of the experiment pairs for which DEGs have been calculated in the present study. 
https://onlinelibrary.wiley.com/action/downloadSupplement?doi=10.1111%2Ftpj.13940&file=tpj13940-sup-0002-TableS1-
S4.pdf, (original paper table S3) 
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9.2.4 JGI Gene Atlas RNA-seq sample clustering 
 
 
Figure S2: Hierarchical clustering of all 99 RNA‐seq samples, RPKM normalized. The upper coloured line represents the 
experiments, the lower one the corresponding tissues. This analysis confirms and illustrates that the replicates for each 
experiment cluster as expected with each other in most of the cases, for example experiment XVI (brown sporophyte). The 
exceptions are the cases in which consequently few DEGs were detected. For example, experiments V and XXXVIII libraries 
group together, indication of the closeness of these samples, but the triplicates are not resolved between the two experiments. 
The clustering provides independent confirmation of the absence of effect of the strigolactone treatments in this specific 
experiment. https://onlinelibrary.wiley.com/action/downloadSupplement?doi=10.1111%2Ftpj.13940&file=tpj13940-sup-000 
1-FigS1-S7.pdf, (original paper figure S1) 
 
9.2.5 DEG intersection 
 
FigureS3: Comparison of the DEGs called by the NOISeq, DESeq2 and edgeR packages with RNA dataset and by microarray 
approach. Venn diagram comparing the DEGs called by NOISeq (in blue), DESeq2 (in yellow) and edgeR (in green) between 
the Experiments XXI (gametophore) and XX (protonemal liquid culture) and the DEGs called in a microarray experiment 
performed on the same tissues (Hiss et al. 2014). https://onlinelibrary.wiley.com/action/downloadSupplement? 
doi=10.1111%2Ftpj.13940&file=tpj13940-sup-0001-FigS1-S7.pdf, (original paper figure S7)  
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9.3 PEATmoss (Physcomitrella Expression Atlas Tool): a unified gene expression atlas 
for the model plant Physcomitrella patens 
 
Supporting material can be found at: https://onlinelibrary.wiley.com/doi/full/10.1111/tpj.14607 
#support-information-section 
 
9.3.1 JGI Gene Atlas RNA-seq samples second sequencing round 
 
Table S8: Overview of the second RNA-seq sequencing round experiments and their primary library data. PPR_79 - 




9.3.2 Gene set normalization 
 
Due to constantly implementing improvements, PEATmoss will be able to compare expression values 
across platforms. PEATmoss contains three different platforms: Two microarray datasets, CombiMatrix 
and NimbleGen and RNA-seq datasets. The direct comparability of the raw expression values from 
microarray and RNA-seq data is not possible. This is an effect of divergent normalization.  
A method to overcome this incomparability is to normalize the individual datasets by equal expressed 
genes in both sets (also known as housekeeping-genes). To normalize microarray gene expression, 
(Hiss et al., 2014) used as reference the thioredoxin encoding gene Pp3c19_1800V3.1 (Phypa_17394, 
Pp genome annotation v1.2). Unfortunately, this gene is highly variable in RNA-seq expression data 
and cannot be used to normalize RNA-seq gene expression.  
Experiment Tissue Condition Mutant Raw reads SRA number
CI Gametophores  above adult Knop sol id 193,225,324 BBTWT, BBTWU, BBTWS, BXHHU, BXHHT, BXHHW
CII Gametophores  above juveni l Knop sol id 254,912,414 BBTWW, BBTWY, BBTWX, BXHHX, BXHHZ, BXHHY
CIII Gametophores  above Knop sol id Mutant referenz 233,457,574 BBTXW, BBTXX, BBTXZ, BXHNY, BXHNW, BXHNX
CIV Gametophores  above Knop sol id LFY_34_3 199,931,380 BBTUO, BBTUP, BBTUS, BXHGT, BXHGW, BXHGU
CV Gametophores  above Knop sol id LFY_34_7 199,308,048 BBTUT, BBTUX, BBTUW, BXHGY, BXHGZ, BXHGX
CVI Gametophores  above Knop sol id 192,072,836 BBTWA, BBTUY, BBTUZ, BXHHA, BXHHC, BXHHB
CVII Gametophores  above Knop sol id 155,479,402 BBTWB, BBTWG, BBTWC, BXHHH, BXHHG, BXHHN
CVIII Gametophores  above Knop sol id 172,694,736 BBTWH, BBTWN, BBTWP, BXHHS, BXHHO, BXHHP
CIX Gametophores  above Knop sol id 240,958,746 BBTYA, BBTYB, BBTYC, BXHOA, BXHOB, BXHNZ
CX Protonema + young gametophores Knop l iquid _KO KO PPR_78 197,399,584 BBTXY, BBTYH, BBTYN, BXHCX, BXHCZ, BXHCY
CXI Protonema + young gametophores Knop l iquid _KO KO PPR_78 210,461,278 BBTYO, BBTYP, BBTYS, BXHGB, BXHGC, BXHGA
CXII Protonema + young gametophores Knop l iquid _KO KO PPR_79 212,511,024 BBTUA, BBTUB, BBTUC, BXHGG, BXHGN, BXHGH
CXIII Protonema + young gametophores Knop l iquid _KO KO PPR_79 197,846,842 BBTUG, BBTUN, BBTUH, BXHGP, BXHGO, BXHGS
CXIV Protonema + young gametophores Knop l iquid _KO_Ref KO PPR referenz 194,080,302 BBTXO, BBTXN, BBTXP, BXHNP, BXHNN, BXHNO
CXV Protonema + young gametophores Knop l iquid _KO_Ref KO PPR referenz 228,455,454 BBTXS, BBTXU, BBTXT, BXHNT, BXHNS, BXHNU
CXVI Protonema + young gametophores Knop l iquid 213,185,420 BBTXA, BBTXB, BBTWZ, BXHNB, BXHNC, BXHNA
CXVII Protonema + young gametophores Knop l iquid, PO4 control  10 d 116,763,544 BAOBT, BAOBN, BBTXG, BXHNG
CXVIII Protonema + young gametophores Knop l iquid, PO4 control  1 d 69,170,542 BAOAW, BAOAX, BAOBA
CXIX Protonema + young gametophores Knop l iquid, PO4 control  5 d 61,856,256 BAOBH, BAOBP, BAOBS
CXX Protonema + young gametophores Knop l iquid, PO4 deficiency 10 d 73,851,184 BAOAZ, BAOBC, BAOAU
CXXI Protonema + young gametophores Knop l iquid, PO4 deficiency 1 d 84,915,194 BAOBG, BAOBU, BAOBO
CXXII Protonema + young gametophores Knop l iquid, PO4 deficiency 5 d 69,133,732 BAOBB, BAOAY, BAOBW
CXXIII Spores BCD l iquid, continous  l ight 107,570,208 BAOAT, BBTXC, BXHCW
CXXIV Gametophores  above Knop sol id DYT cut C 72,606,442 BBTYG, BXHOC
CXXV Spores BCDA l iquid, continous  l ight 40,523,940 BBTWO, BXHCU
XXI Protonema + young gametophores Knop l iquid 72,610,958 BBTXH, BXHNH
XVIII Protonema + young gametophores BCD sol id 42,676,552 BBTUU, BXHCT
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The aim, to get new reference genes, was to find genes with the lowest variable expression profile in 
all RNA-seq samples and microarray experiments. Therefore, the statistical value “coefficient of 
variation” (CoV) was calculated for each gene and platform/dataset. Afterwards, the genes were 
ranked by their CoV values for all platforms (Figure S4). To get the genes with the lowest CoV in the 
two microarray and the RNA-seq_JGI dataset, the first 1,000 genes (top 1,000) with the lowest CoV 
were extrected (Figure S5).  
 
Figure S4: This plot shows the ranked CoV values of four different dataset. Two microarray datasets, CombiMatrix (v1.2) 
[green] and NimbleGen (v1.6) [orange] and two RNA-seq datasets, the first 99 samples of the JGI Gene Atlas project [red] and 
all RNA-seq samples used in (Haas et al., 2020) [blue]. The position of the three reference genes in each dataset is marked in 
straight, dashed and dotted vertical lines. 
This three lists of top 1,000 genes were intersected (Figure S5). Three genes are at the intersection 
representing the new reference gene set for gene set normalization between microarray and RNA-seq 
datasets: Pp3c22_18850V3.1, a protein kinase; Pp3c6_24520V3.1, a nuclear pore component and 
Pp3c5_25710V3.1, a Las1-like protein.  
Figure S5: Intersection of the top 1,000 lowest CoV genes. Three genes 
are in the intersection and became the new reference gene set for the 
gene set normalization. The number of genes differ and does not always 





9.4 Single nucleotide polymorphism charting of P. patens reveals accumulation of 
somatic mutations during in vitro culture on the scale of natural variation by selfing 
 
Table S9: Source and NCBI accession nos. for all RNA-seq samples used. (original paper table S1) 
Accession Project/tissue Source BioProject/SRA number 
Gransden 
JGI Gene Atlas 
(Fernandez-Pozo et al. 
2019, Perroud et al. 2018) 
PRJNA259145, PRJNA259146, PRJNA259147, 
PRJNA373582, PRJNA373583, PRJNA373584, 
PRJNA373585, PRJNA373586, PRJNA373587, 
PRJNA373588, PRJNA373589, PRJNA373590, 
PRJNA373591, PRJNA373592, PRJNA373593, 
PRJNA373594, PRJNA373595, PRJNA373596, 
PRJNA373598, PRJNA411163 a, PRJNA411164, 
PRJNA411165, PRJNA411166, PRJNA411167, 
PRJNA411168, PRJNA411169, PRJNA411170, 
PRJNA411171, PRJNA411172, PRJNA411173, 
PRJNA411174, PRJNA411175, PRJNA411176, 
PRJNA411177, PRJNA411178, PRJNA411179, 
PRJNA411180, PRJNA411181, PRJNA411182, 
PRJNA411202, PRJNA411203, PRJNA411204, 
PRJNA411205, PRJNA411206, PRJNA411207, 
PRJNA411208, PRJNA411209, PRJNA411210, 
PRJNA411211, PRJNA411212, PRJNA411213, 
PRJNA411214, PRJNA411215, PRJNA411216 
DEK1 (Demko et al., 2014) 
 
PRJEB6339 
ABA response (Stevenson et al., 2016) SRX1176825, SRX1176826 
Shoot development (Frank and Scanlon, 2015) 
SRX803263, SRX803262, SRX803261, 
SRX803260, SRX803259, SRX803257, 
SRX682830, SRX682829, SRX682828, 
SRX682827, SRX682822, SRX682821 
Antheridia bundles (Meyberg et al., 2020) 
 
PRJNA559055 
    Kaskaskia Protonema  This study PRJNA601618 
    
Reute 
JGI Gene Atlas 
(Perroud et al., 2018, 
Fernandez-Pozo et al., 
2019) 
PRJNA259147, PRJNA411184, PRJNA411185, 
PRJNA411186, PRJNA411187, PRJNA411188, 
PRJNA411189, PRJNA411190, PRJNA411191, 
PRJNA411192, PRJNA411193, PRJNA411194, 
PRJNA411195, PRJNA411196, PRJNA411197, 
PRJNA411198, PRJNA411199, PRJNA411200, 
PRJNA411201 
Antheridia bundles (Meyberg et al., 2020) PRJNA559055 
Sporophytic tissue, ES1 This study PRJNA600210 
    
Villersexel 
Laser capture of sexual 
reproduction stages 
This study PRJNA602303 
Codon Usage Bias (Szövényi et al., 2017) PRJEB19978 
    Wisconsin gDNA Single spores This study PRJNA602210 
a Sample meta data are defining samples as accession Gransden, however, this study suggests that they are from accession 
Kaskaskia.  
115 
Table S10: P. patens Kaskaskia RNA-seq experiment description and accession number. (original paper table S2) 





days and 3 
months 
BCD Mixed:  
1/3: protonema with 1 hour ABA 5μM, 
5 NAA 5μM, BAP μM, 8°C treatments 
1/3: ABA 5μM, 5 NAA 5μM, BAP μM, 
8°C treatments 




Protonema, 7 day BCD  
+ 5mM glucose 
Long day light condition SRR10902188 
K-III 
Protonema, 7 day BCD  
+ 5mM glucose 
No light SRR10902187 
K-IV Protonema, 7 day BCD Harvest at 08h00 (dawn) SRR10902186 
K-V Protonema, 7 day  BCD Harvest at 12h00 SRR10902185 
K-VI Protonema, 7 day BCD Harvest at 16h00  SRR10902184 
K-VII Protonema, 7 day BCD Harvest at 20h00 SRR10902183 
K-VIII 
Protonema, 7 day BCD 
+ 5 mM Ammonium 
tartrate 
6 days standard + 
24h Glyphoste 5 mM 
SRR10902182 
K-IX Protonema, 7 day BCD Long day light condition SRR10902181 
K-X 
Protonema, 7 day BCD 
+5 mM Ammonium 
tartrate 
Long day light condition SRR10902180 
 
Table S11: Read distribution. (original paper table S3) 
Accession Project Raw data Uniquely mapped reads used for GATK pipeline 
Gransden 
JGI Gene Atlas 2,803,540,901 2,275,015,526 1,986,071,695 
DEK1 142,060,456 117,626,868 57,701,716 
ABA response 71,105,859 46,327,636 12,673,554 
Shoot development 133,665,970 101,707,266 37,057,354 
Antheridia bundles 114,584,205 85,684,460 47,769,995 
Kaskaskia Protonema 650,738,592 541,188,206 420,973,321 
Reute 
JGI Gene Atlas 525,465,788 419,522,685 374,992,382 
Antheridia bundles 115,771,691 84,302,632 46,638,828 
Sporophytic tissue 39,203,989 33,804,665 9,340,399 
Villersexel 
Laser capture of sexual 
reproduction stages 19,569,737 13,820,142 7,105,192 
Codon Usage Bias 68,390,324 59,697,452 30,875,300 
Wisconsin gDNA single spores 1,062,163,031 845,313,241 473,057,571 
     
 Sum (RNA-seq) 4,684,097,512 3,778,697,538 3,031,199,736 
         













Gransden 68% 68% 70% 
Kaskaskia 12% 13% 14% 
Reute 18% 16% 15% 
Villersexel 2% 2% 1% 
 
 
Table S13: Number of intersected RNA-seq SNPs to the gDNA SNPs from Lang et al. 2018. (original paper table S5) 
  vcf a cov_filter b support_3 c wo_indels d 
Reute    20,221 (9%) 12,911 (13%) 12,601 (14%) 10,988 (26%) 
Villersexel 220,663 (54%) 65,884 (82%) 50,528 (86%) 47,031 (89%) 
Kaskaskia    32,307 (9%) 23,844 (15%) 23,779 (17%) 21,644 (28%) 
 
The percentage values in brackets are representing the proportion of RNA-seq SNPs found in the gDNA SNP set. a Number of 
raw SNPs called by the GATK pipeline. b Number of RNA-seq SNPs filtered by read coverage, c plus minimum three samples 
need to support the SNP and d in addition to the filter steps before, the indels were removed. 
 
 
Table S14: SNP normalization methods. (original paper table S6) 
Accession, Pedigree 
             Sample 
SNP / 
covered bp 




SNP / gene 
length [bp] 
covered 
bp / SNP 
Gd 0.00034 0.00094 1.206 0.00040 4,666 
  Gd_DE 0.00038 0.00113 - - 2,871 
  Gd_UK 0.00028 0.00090 - - 6,206 
  2004 0.00006 0.00009 - - 15,512 
  Birmingham 0.00035 0.00117 - - 3,104 
  Gd_CH 0.00042 0.00105 - - 2,402 
  Gd_JP 0.00022 0.00049 - - 9,526 
  St. Lousi PE 0.00044 0.00102 - - 2,284 
  St. Lousi SE 0.00007 0.00010 - - 15,324 
  Okazaki & Columbia 0.00038 0.00090 - - 2,756 
Ka 0.00159 0.00297 2.300 0.00076 630 
Re 0.00058 0.00178 1.280 0.00043 1,912 
Vx 0.01761 0.01488 1.607 0.00053 143 





Table S15: Ploidy of P. patens plants used for sequencing. (original paper table S10) 
P. patens accession / 
pedigree 
Ploidy tested haploid? 
Differences in 
GATK SNP calling 
1n and 2n 
Gd_Beijing-2010 N/A   63.4% 
Gd_Berlin yes x 51.7% 
Gd_Birmingham no   47.3% 
Gd_Birmingham-2009 no   61.5% 
Gd_Columbia-2010 N/A   45.7% 
Gd_FR-WT9 yes x 56.9% 
Gd_FR-WT11 yes x 56.9% 
Gd_Gransden-2004 yes x 62.8% 
Gd_Gransden-WT9 yes x 55.2% 
Gd_MR-WT11 no   56.0% 
Gd_MR-WT12 yes x 61.0% 
Gd_MR-WT15 yes Phenotypically 1n a 36.2% 
Gd_Okazaki-1998 N/A   60.6% 
Gd_Padova-2008 N/A   58.8% 
Gd_St.Louis-2007 N/A   63.8% 
Gd_St.Louis-2007_JGI no offspring phenotypically 1n b 58.9% 
Gd_St.Louis N/A   30.7% 
Gd_Uruguay-WT9 yes x 68.0% 
Gd_Versaille N/A   59.2% 
Gd_WT-Grenoble N/A   57.3% 
Ka_kaskaskia no offspring phenotypically 1n b 81.1% 
Re_Reute-2007 yes x 67.7% 
Re_Reute-2012 no  61.9% 
Re_Reute-2015 yes Phenotypically 1n a 59.4% 
Vx_K3 no   90.7% 
Vx_unknown yes  offspring, allele-specific expression 1n 92.9% 
Wi_2018 no   88.1% 
 
a Plants were check by phenotypical observation (polyploid plants usually have a ‘fluffy’ habitus that haploid plants do not 
exhibit). b Offspring of the used plants were checked by phenotypical observation. 









Table S16: Total number of synonymous and non-synonymous SNPs. (original paper table S11) 
Accession/pedigree Non-synonymous involved genes Synonymous involved genes Ka/Ks 
Gd 62,142 579 69,870 421 0.889 
   Gd_FR-WT9 * 2,743 241 3,162 172 0.867 
   Gd_Uruguay-WT9 * 2,408 226 2,822 167 0.853 
   Gd_Gransden-WT9 * 8,308 276 9,440 198 0.880 
   Gd_FR-WT11 * 1,471 201 1,583 138 0.929 
   Gd_MR-WT11 * 6,415 291 6,840 208 0.938 
   Gd_MR-WT12 * 7,575 253 8,327 184 0.910 
   Gd_MR-WT15 * 1,143 213 1,631 145 0.701 
Re 55,916 1725 39,416 1,065 1.419 
   Re_Reute-2007 * 10,063 1473 7,246 889 1.389 
   Re_Reute-2012 * 39,233 1,575 27,429 973 1.430 
   Re_Reute-2015 * 6,620 1,461 4,741 882 1.396 
Ka 142,009 5,599 93,964 4,020 1.511 
Vx 44,976 6,703 34,270 5,391 1.312 
Wi 208,930 7,834 118,430 5,115 1.764 
 
The sum of all detected synonymous and non-synonymous SNPs are shown. If a gene contains multiple effects, it was only 
counted once. The 99% confidence interval of the linear regression of Ka/Ks over all samples is 1.1..1.2, i.e. all samples shown 
here are above or below the confidence interval, suggesting negative (Gd) or positive selection (other pedigrees) 
(Supplementary File 8). * Pedigrees with known propagation history. 
 
Table S17: Average number of SNPs (filtered by all three methods) per sample with documented propagation history. 
(original paper table S12) 
P. patens accession / pedigree Average SNP number Source 
Gd_FR-WT9 6,452 Perroud et al. 2018 
Gd_Uruguay-WT9 7,851 Perroud et al. 2018 
Gd_Gransden-WT9 6,778 JGI_2nd_round 
Gd_FR-WT11 7,244 Perroud et al. 2018 
Gd_MR-WT11 7,271 Perroud et al. 2018 
Gd_MR-WT12 6,221 JGI_2nd_round 
Gd_MR-WT15 2,555 Meyberg et al. 2020 
Re_Reute-2007 13,282 Perroud et al. 2018 
Re_Reute-2012 11,927 JGI_2nd_round 
Re_Reute-2015 8,635 Meyberg et al. 2020 
 
In the first column, mutant or wildtype experiments are annotated. The colours in the middle column indicate the average 




Table S18: Mutations per year and site for all pedigrees with a documented propagation history. (original paper table S13) 
  Total SNPs a Unique SNPs b Mutations per year Mutation rate c 
WT9 31,230 3,745     
Gd_MR-WT11 26,525 1,483 742 1.571E-06 
Gd_MR-WT12 23,557 642 642 1.361E-06 
Gd_MR-WT15 3,757 1,047 349 7.396E-07 
WT9 31,230 18,435     
FR-WT11 13,202 407 136 2.875E-07 
Re_Reute-2007 27,267 3,327     
Re_Reute-2012 36,051 10,560 2112 4.476E-06 
Re_Reute-2015 13,266 2,234 745 1.578E-06 
 
a SNPs had to pass all three filter methods. b Unique SNPs derived from the intersection of the shown pedigrees (WT9 and Re 





Figure S6: SNP reduction by filtering. Each of the five plots shows the GATK SNP output on the left (no filter [vcf]) and the 
different filter steps applied to the data on the right (read coverage filter [cov_filter] and >= three samples supporting the SNP 
[support_3]). The strictest filter is rightmost (removing indels [wo_indels]). Each filter step is based on the remaining SNPs 
after applying the previous filter (for each accession left to right). Individual samples are represented by dots, the median by 




Figure S7: Number of SNPs applied to the line of sight distance to the reference Gransden. Distance to Gd: Vx = 700 km; Re 
= 730 km, Wi = 6,300 km; Ka = 6,750 km. (original paper figure S2) 
 
 
Figure S8: SNP normalization by read number. Number of SNPs (filtered by read coverage, minimum support of three samples 
and removed indels) to the number of reads per sample. The slope is calculated by R method “lm” and in grey the confidence 




Figure S9: SNP normalization by covered base pairs. Covered base pairs with read depth >= nine applied to the number of 
SNPs, filtered by read coverage, sample support of three and removed indels. The number of SNPs were corrected by the 
maximum number of covered base pairs. The slope was calculated by the R method “lm” and in grey the confidence interval 
is shown around the regression lines. (original paper figure S4) 
 
Figure S10: Number of SNPs divided by the number of covered base pairs. The number of SNPs (three filters applied) divided 
by the number of covered base pairs of all samples shown as boxplots and grouped by accessions and pedigrees. Gd_UK_2004 




Figure S11: SNP to gene correlation. The number of SNPs divided by the length of all genes per chromosome is shown in A), 
while in B) the SNPs are divided by the number of genes. Gd has an average of 1.2 SNPs per gene, while the SNP rate for Ka is 
almost double with 2.3 SNPs per gene. The black line represents the mean of all accessions. Chr19 and 26 appear to exhibit 
significantly more SNPs per gene length (Fisher’s exact test, number of base pairs w/o SNPs for each individual chromosome, 





























































































































































































































































































































































































































































































































































































































































Figure S14: 3D PCA plot of filtered SNPs and InDels. The PCA shows clustering by accessions similar to the SNP-only clustering 
(Paper 5.4, Figure 4). The three plots are showing the cube rotated on its axis. Color scheme: Gd = red; Re = green; Ka = blue; 
Vx = grey; Wi = violet. The three outlier samples shown in paper 5.4 Figure 4 are labeled: A) CI_3, B) CIV_1 and C) XVIII_1. 
(original paper figure S9)  
126 
 
Figure S15: Gransden pedigree tree based on the artificial FASTA alignment. Samples clustering by experiments can be 
observed. A clear clustering by pedigree is not observable. (original paper figure S10) 
 
 










































































































































































































































































































































































































































































































































































































































































































Figure S20: GO bias analysis of genes affected by non-synonymous SNPs. The word clouds are separated by accessions. The 
weight of the given terms was defined as the −log10(q-values) and the colour scheme used for the visualization was red for 
under-represented GO terms and green for those over-represented. Terms with stronger representation, i.e. weight >4, were 





echo "Rename samples and extract Wi v3.3 SNPs" 
 
# rename all vcf files 
for IN in *.vcf; do mv $IN `awk -v name=$IN -v prefix=$prefix 'name~$1 {print 
$2"_"prefix".vcf"}' sample_translation.list`; done 
 
# extract SNPs at gene regions based on gDNA samples 











echo "SNP clustering" 
 
prefix=$1  # surfix/run name 
FI=$2    # samples supporting the SNP 
DP=$3    # read depth 
ADa=$4   # reads supporting the SNP 
 
# fold change of the reads supporting the SNP 




# clustering SNPs and InDels, 0/1/2-matrix 
awk '{if(NR==FNR){for(i=5;i<=NF;i++){foo[$i]}; header[$1"_"$2"_"$3"_"$4]} else 
{for(a in foo){if($0~a){if((length($3)+length($4))>2){foo[a]=foo[a]"\t"2} else 
{foo[a]=foo[a]"\t"1}} \ 
  else{foo[a]=foo[a]"\t"0}}} } END {printf "sample\t\t"; for(h in header){printf 
h"\t"};printf "\n"; for(b in foo){split(b,c,"/"); print c[1]"\t"foo[b]}}' \ 
  $prefix".plus_filter.filter"$FI".wo_indel.rna_snps" 
$prefix".plus_filter.filter"$FI".wo_indel.rna_snps" | \ 
  sed 's/\t\n/\n/g' | sed 's/\t$//' > 
$prefix".plus_filter.filter"$FI".wo_indel.0_1_2.rna_list" 
 
# create SNP FASTA alignment file 
awk '{if(NR==FNR){for(i=5;i<=NF;i++){foo[$i]}} else {for(a in 
foo){if($0~a){foo[a]=foo[a]$4} else{foo[a]=foo[a]$3}}} } END {for(b in 
foo){split(b,c,"/"); print ">"c[1]"\n"foo[b]}}' \ 
  $name".plus_filter.filter"$FI".wo_indel.rna_snps" \ 
  $name".plus_filter.filter"$FI".wo_indel.rna_snps" \ 










echo "SNP filtering" 
 
FI=$1  # samples supporting the SNP 
DP=$2  # read depth 
ADa=$3 # reads supporting the SNP 
name=$4  # prefix/run name 
 
# fold change of the reads supporting the SNP 
ADr=0.$(( ($ADa * 100) / $DP ))  
AD=$ADa"x"$ADr 
 
# Merging all SNPs into one file. 
# column 1-4: chromosome, position, reference, SNP 
# column 5-n: vcf files containing the SNP  
# Is a SNP passing the read coverage filter,  
#    a ‘+’ is added to the sample name 
awk -v dp=$DP -v adr=$ADr -v ada=$ADa '$1!~"#" {split($10,a,":"); 
split(a[2],b,","); if(a[3]>=dp&&b[2]>=ada) {fc=b[2]/a[3]; 
if(fc>=adr){get_name=FILENAME"+"} else {get_name=FILENAME}} else 
{get_name=FILENAME}; 
foo[$1"\t"$2"\t"$4"\t"$5]=get_name"\t"foo[$1"\t"$2"\t"$4"\t"$5]} END {for(u in 
foo){print u"\t"foo[u]}}' Ka*vcf Gd*vcf Vx*vcf Re*vcf Wi*8.vcf > $name".rna_snps" 
 
# read coverage filter for all vcf files 
for IN in *.vcf; do awk -v dp=$DP -v adr=$ADr -v ada=$ADa '$1!~"#" 
{split($10,a,":"); split(a[2],b,","); if(a[3]>=dp&&b[2]>=ada) {fc=b[2]/a[3]; 
if(fc>=adr) {print }}}' $IN > $IN".filterDP"$DP"AD"$AD ; done 
 
# support by at least $FI samples 
awk -v FI=$FI 'NF>=4+FI {print }' $name".rna_snps" > $name".filter"$FI".rna_snps" 
 
# remove InDels 
awk 'length($3)==1&&length($4)==1 {print }' $name".rna_snps" > 
$name".wo_indel.rna_snps" 
 
# extract all SNPs for each accession 
for IN in Gd_ Re_ Ka_ Vx_ Wi_; do grep $IN $name".rna_snps" > $IN$name".rna_snps"; 
done 
 
# extract all SNPs for each Gd pedigree 
grep -E "MR|Beij|FR|WT9|Berlin" Gd_$name".rna_snps" | grep "\+" > 
Gd_DE.$name".plus_filter.rna_snps" 
grep -E "Birm|2004_" Gd_$name".rna_snps" | grep "\+" > 
Gd_UK.$name".plus_filter.rna_snps" 
grep -E  "Padov|Versai|Greno" Gd_$name".rna_snps" | grep "\+" > 
Gd_FR.$name".plus_filter.rna_snps" 
grep -E "Colum|Okaza|Louis" Gd_$name".rna_snps" | grep "\+" > 
Gd_JP.$name".plus_filter.rna_snps" 
 
# extract all exclusive SNPs (here for Gd) 
grep -Ev "Re_|Vx_|Wi_|As_|Ka_" $name".rna_snps" | awk '{print NF-4"\t"$0}' | sort -
k1V > Gd.exclusive 
 
# extracting Gd pedigree exclusive SNPs (Gd.exclusive) 
grep -Ev "MR|Bei|FR|WT9|Berlin|Birm|2004_|Padov|Versai|Greno" Gd.exclusive | sort -
V > Gd_JP.exclusive 
grep -Ev "Padov|Versai|Greno|Colum|sdenE|Okaza|Louis|MR|Bei|FR|WT9|Berlin" 
Gd.exclusive | sort -V > Gd_UK.exclusive 
grep -Ev "MR|Bei|FR|WT9|Berlin|Birm|2004_|Colum|sdenE|Okaza|Louis" Gd.exclusive | 
sort -V > Gd_FR.exclusive 
grep -Ev "Birm|2004_|Padov|Versai|Greno|Colum|sdenE|Okaza|Louis" Gd.exclusive | 





9.5 DOE JGI Gene Atlas Project 
 
9.5.1 Re-sequencing of plate19 
 
One special situation occurred during sequencing the second round. Three pentatricopeptide repeat 
(PPR) knock-out experiments needed the organellar RNA sequences (Supporting information 9.3, Table 
S8). The normal library preparation protocol used by the JGI removes the organellar sequences. Since 
the missing organellar reads were essential, 54 libraries of the 2nd round, all on plate 19 
(https://genome.jgi.doe.gov/portal/PhypatAtlPlate19/PhypatAtlPlate19.info.html), were re-
sequenced. The aim was to get organellar sequences for the PPR experiments. As a result of this, all 
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